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AI/ML for Particle Accelerators:  
           A Look Backward and Forward



e.g. Bayesian Optimization





Model Learning
(physics understanding + 

empirical behavior)

Diagnostic Analysis
(e.g. beam images, time plots)

Heuristic Control Policies
(operator intuition)

Local Feedback + 
Optimization

(iterative fine-tuning)

Anomaly Detection 
+ Failure Prediction

…many techniques in optimization, machine learning, classical control, etc for these etc.  



AI 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

• 2011: IBM Watson wins Jeopardy

• 2015: Deep learning on GPUs

• 2016:  Alpha-Go deep learning software 
beats best players

• 2022: Tokomak control with 
reinforcement learning
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What changed in the 2010s… 



NN surrogates, virtual diagnostics, and sim2real
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A. Edelen dissertation and IPAC18

2013-2017

https://www.leelinska.com/wp-content/uploads/2021/06/Auralee_Edelen_Dissertation.pdf
https://proceedings.jacow.org/ipac2018/talks/thygbe2_talk.pdf


NN control policies / reinforcement learning
Model predictive control

 + time-dependent NN model

5x faster settling + minimize overshoot 
à lower wasted RF power à save $$

Sim study: map desired beam to settings
Solution in 1 iteration (vs. 150 with simplex)
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A. Edelen dissertation and IPAC18

2013-2017

https://www.leelinska.com/wp-content/uploads/2021/06/Auralee_Edelen_Dissertation.pdf
https://proceedings.jacow.org/ipac2018/talks/thygbe2_talk.pdf


USPAS: Optimization and Machine Learning for 
Particle Accelerators

2019

MaLAPA
2018

2018 STFC

2019 LANL
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“Opportunities in Machine Learning for Particle Accelerators” https://arxiv.org/abs/1811.03172



Physics-informed Bayesian optimization @ LCLS 2016-2020

ML virtual diagnostic @ LCLS/FACET-II 2018
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DOI: https://doi.org/10.1103/PhysRevLett.124.124801, DOI: https://doi.org/10.1103/PhysRevAccelBeams.21.112802 

2018-2022

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


DOI: 10.1103/PhysRevLett.123.194801

Uncorrected NN feedforward

Insertion device compensation @ALS  2018
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A. Ghribi  https://aghribi.github.io/acc-ml-living-review/
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A. Ghribi  https://aghribi.github.io/acc-ml-living-review/

Paper to production
 can be very hard



Biggest blockers not AI/ML maturity but rather infrastructure and continuity of effort…
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Source: https://www.sciencedirect.com/science/article/pii/S2666188822000119

siloed funding streams and projects

Exploratory
Research

Transition
To Operations



Data 
processing

Data 
processing

FACET-II LCLS

Data 
processing

Data 
processing

FACET-II LCLS

Cluster Compute
(CPU,GPU)
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Accel. Control R&D

local facility infrastructure modular/transferrable tools



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

continuous integration / deployment and live model updating and retraining

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
https://github.com/slaclab/lume-model-deployment-template
https://github.com/slaclab/lume-model-deployment-template
https://github.com/slaclab/lume-model-deployment-template
https://github.com/slaclab/lume-model-deployment-template
https://github.com/slaclab/lume-model-deployment-template
https://github.com/slaclab/lume-model-deployment-template


Now a fair number of routine operational 
deployments worldwide 

DOI: 10.1103/PhysRevAccelBeams.27.074602

BO and advanced variants FF NN correction + continual fine-tuning @ALS

Virtual
 XTCAV 

@ FACET-II

C. Emma, J. Park
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DOI: https://doi.org/10.1103/PhysRevAccelBeams.27.084801



Sextupole tuning at FACET-II
to improve efficiency of acceleration in plasma

FEL pulse energy at LCLS Loss rate at SPEAR3

Emittance @ LCLS-II injector

Many examples with Bayesian Optimization and algorithmic improvements

Better than hand-tuning 
solution

Tuning on monochrometer signal

20x faster emittance tuning (BAX)

50x faster tuning and best observed 
lifetime at ESRF 

Ideal steering value

Poor
steering value

Automated beam alignment at AWA
- 20-30 minutes by hand
- 5 minutes with BAX

Automatic
 emittance

 measurement



Hysteresis-aware magnet tuning

BO on sys. with 
hysteresis

Hybrid BO on 
sys. with 
hysteresis

Roussel et. al. PRL , 2022

Multi-objective BO → experimental Pareto front 

Photon beamline alignment at MFX

F. Ji, et al., Nat. Commun. 15, 4726 (2024)

Target Iter 13Iter 1 Iter 4 Iter 26

Longitudinal phase space tuning 

Min bunch length
Target LPS



(e.g. adaptive digital twin à system model prior for BO)

Z. Zhu
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Moving toward multi-component solutions …

T. Boltz https://www.nature.com/articles/s41598-025-95297-z

regular BO prior means with different fidelity



Tomographic measurements 
from DIAG0

Streaming data 
transfer

Generative Phase Space 
Reconstruction (GPSR)

Triggers 
analysis 
workflow

Reconstructed 6D 
distribution Validation plots

Control room 
visualization (future)

Injector tuning 
(future)

(1) Beam steering
(multiple locations)

(2) Beam focusing
(multiple locations)

(3) TCAV phasing

(4) Tomographic quad scans
TCAV ON/OFF, 2x screens

Moving from individual / isolated tasks toward autonomous chains of them …
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~5 minutes for entire process
R. Roussel et al.,  https://arxiv.org/abs/2604.20125



Agentic AI emerges …



New optimization routine

Rapid improvement in FEL performance

Automatic execution on machine via 
Badger tuning tool 

Prompt to completion: ~ 10 minutes

Osprey demo @LCLSAgentic AI emerges …

Badger
 run history

natural language 
description of tuning task



“Computer, set up the 
FEL for two bunch 

mode…”
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A. Ghribi

We are still holding ourselves back in serious ways… 



2019

2023

2023 2025

DRAFT



2019

2023

2023

2025

DRAFT

DOE-wide, highly-coordinated initiatives

● Ambitious vision to accelerate science and engineering 
● Aim to leverage the full capabilities and talent of DOE

Follows years of community-driven info. gathering and strategizing



C. Xu et al,  IPAC23 https://inspirehep.net/files/f031fdaacc0a5131f8bc83c9d9586caf

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



Finding Sources of Error Between Simulations and Measurements
Many non-idealities not included in physics simulations:

static error sources (e.g. magnetic field nonlinearities, physical offsets) 

time-varying changes (e.g. temperature-induced phase calibrations)

Want to identify these  to get better understanding of machine performance 

à ML model allows fast / automatic exploration of error sources in high dimension

10

First studies look promising à current/future work to investigate robustness and extend to larger subsystems + more complicated setups

injector
settings

laser image

adaptable calibration
transforms

longitudinal/
transverse phase space

Without 
calibration

With calibration

Inputs
Laser radius
Laser spot sizes
Pulse length
Charge
Solenoid
L0A phase 
L0B phase
SQ quad
CQ quad
6 matching quads

Outputs
Beam size (x,y)
Emittance (x,y)
Bunch length

output beam
scalars

ML modeling enables rapid identification of error sources between idealized physics simulations and real machine
à path toward gaining new insights into machine performance (could also help inform future designs)

Example: calibration 
offset in injector 
solenoid strength found 
automatically with 
neural network model 
(trained first in 
simulation, then 
calibrated to machine)

frozen neural network 
layers trained on 
simulation

ML model trained on simulation
à transfer learning to measured data

Differentiable Physics
Classical Analytic and Brute Force Methods

Physics simOptimizer

Finding Sources of Error Between Simulations and Measurements
Many non-idealities not included in physics simulations:

static error sources (e.g. magnetic field nonlinearities, physical offsets) 

time-varying changes (e.g. temperature-induced phase calibrations)

Want to identify these  to get better understanding of machine performance 

à ML model allows fast / automatic exploration of error sources in high dimension

10

First studies look promising à current/future work to investigate robustness and extend to larger subsystems + more complicated setups

injector
settings

laser image

adaptable calibration
transforms

longitudinal/
transverse phase space

Without 
calibration

With calibration

Inputs
Laser radius
Laser spot sizes
Pulse length
Charge
Solenoid
L0A phase 
L0B phase
SQ quad
CQ quad
6 matching quads

Outputs
Beam size (x,y)
Emittance (x,y)
Bunch length

output beam
scalars

ML modeling enables rapid identification of error sources between idealized physics simulations and real machine
à path toward gaining new insights into machine performance (could also help inform future designs)

Example: calibration 
offset in injector 
solenoid strength found 
automatically with 
neural network model 
(trained first in 
simulation, then 
calibrated to machine)

frozen neural network 
layers trained on 
simulation

T. Zhang, et al, PRAB, 21, 092801 (2018)

Things are not as different as they seem: ML as another accelerator physicist’s tool

JP Gonzalez-Aguilera DOI: 10.18429/JACoW-IPAC2023-WEPA065

https://doi.org/10.18429/JACoW-IPAC2023-WEPA065
https://doi.org/10.18429/JACoW-IPAC2023-WEPA065
https://doi.org/10.18429/JACoW-IPAC2023-WEPA065
https://doi.org/10.18429/JACoW-IPAC2023-WEPA065
https://doi.org/10.18429/JACoW-IPAC2023-WEPA065


classical optics fitting + feedback

chaining together tasks: sequencer vs. agentic workflow

sub-system optimization/control with on-the-fly learning in BO

stacking algorithms: 
system model + ML-based tuning

R. Roussel

J. Safranek

Duris 2018

Things are not as different as they seem: ML as another accelerator physicist’s tool

Laser alignment onto 
cathode (1 min)

Emittance 
optimization + 
matching (7.5 min) Beam steering (3 min) TCAV Phasing (7 sec)

Energy spread 
minimization (2 min)



https://nap.nationalacademies.org/catalog/26894/foundational-
research-gaps-and-future-directions-for-digital-twins
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Cluster Com
pute

(CPU,GPU)

Model 
update

live readings
intervention

Decision support
Automated control

Visualization

Hardware I/O

Low-level Controls

Physics Process Emulators (phys. sims, ML)

High Level Output (e.g. EPICS PV)

Additional Visualization

e.g. PID loops on magnet settings

beam dynamics, cooling systems, user beamlines, etc
range of fidelities and comprehensiveness 

Typical Control Room Apps

Things are not as different as they seem: ML as another accelerator physicist’s tool

Digital twin – adaptive online model
Virtual accelerator  – comprehensive offline model



Hardware I/O

Low-level Controls

Physics Process Emulators (phys. sims, ML)

High Level Output (e.g. EPICS PV)

Additional Visualization

e.g. PID loops on magnet settings

beam dynamics, cooling systems, user beamlines, etc
range of fidelities and comprehensiveness 

Typical Control Room Apps

Digital twin – adaptive online model
Virtual accelerator  – comprehensive offline model

Things are not as different as they seem: ML as another accelerator physicist’s tool

What’s new: ML allows a level of speed/fidelity not previously 
achievable and easier sim2real + continuous calibration



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

• Many solutions in routine use à 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  AI/ML 
• Community standards / co-development, cross-laboratory collaborative projects 
• Much can transfer directly/indirectly à faster progress and increased reliability/robustness

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

Many applications closely tie accelerator physics and ML 



A word of caution 
on agents / LLMs

https://commons.wikimedia.org/w/index.php?curid=86929278



Agentic AI 

The field is steadily moving toward the shared vision of a fully AIML integrated particle accelerator



https://www.annualreviews.org/docserver/fulltext/nucl/74/1/annurev-nucl-121423-100719.pdf 

Annu. Rev. Nucl. Part. Sci. 2024. 74:557–81

Thank you!

https://www.annualreviews.org/docserver/fulltext/nucl/74/1/annurev-nucl-121423-100719.pdf
https://www.annualreviews.org/docserver/fulltext/nucl/74/1/annurev-nucl-121423-100719.pdf
https://www.annualreviews.org/docserver/fulltext/nucl/74/1/annurev-nucl-121423-100719.pdf
https://www.annualreviews.org/docserver/fulltext/nucl/74/1/annurev-nucl-121423-100719.pdf
https://www.annualreviews.org/docserver/fulltext/nucl/74/1/annurev-nucl-121423-100719.pdf
https://www.annualreviews.org/docserver/fulltext/nucl/74/1/annurev-nucl-121423-100719.pdf
https://www.annualreviews.org/docserver/fulltext/nucl/74/1/annurev-nucl-121423-100719.pdf
https://www.annualreviews.org/docserver/fulltext/nucl/74/1/annurev-nucl-121423-100719.pdf

