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beam duration, average energy, energy spread, pulse 

intensity adjusted for each experiment

 



J. Qiang, et al., PRSTAB30, 
054402, 2017

MeasurementSimulation

“10 hours on thousands of 

cores at the NERSC”
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Rapid beam 

customization

Achieve new 

configurations + 

unprecedented beam 

parameters 

Fine control to 

maintain

stability within 

tolerances 

wide spectrum of tuning needs



Longitudinal Phase Space Tuning

Standard tuning approach:

• Passive diagnostics at the compressors 

(BC1, BC2) give estimate of bunch length, 

chirp

• PID feedback to L1, L2 last cavity phase 

and amplitude to keep beam on target 

energy, bunch length, and chirp

• XTCAV provides image for monitoring 

by operator

• Often run with “lasing off” by making 

orbit bump during initial tune up 

(suppress FEL)

BC1 BC2

L1
L1X

L2 L3

XTCAV

https ://journals.aps.org/prab/abstract/10.1103/PhysRevAcce lBeams.19.100703#f4
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Challenges with LPS Tuning

• High degree of coupling between controllable variables

• Difficulties with the metric

• BC1/BC2 measurements fail in some regimes

• Noise / shot-to-shot jitter

• Simple scalar metrics (FWHM from images) don’t 

capture all relevant detail

• Unimportant features in image

• PI feedback on two cavities is suboptimal

• Feedbacks fight each other / take time to converge

• Often hand-tune L1X to more precisely shape LPS

• Better to directly set phase/amplitude of each cavity

• Want to combine LPS with other aspects of the beam 

(photon beam parameters, transverse information) 

• Multi-stage approach: 

(1) use the images, develop better holistic metrics

(2) directly set all 6 cavity phases/amplitudes

(3) optimization for individual setup (BO) 

(4) fast global setup/control (RL)

Shot-to-shot fluctuation in LPS for one setting combination 
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https ://www.nature.com/articles/s41598-022-06754-y

https ://accelconf.web.cern.ch/ipac2022/papers/tupopt036.pdf
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LPS development follows staged strategy for ML-based tuning at SLAC

Increase Speed/Accuracy of  

System Models

 

→ Surrogates trained on simulations

→Model calibration (sim2real)

→Differentiable simulations

Sample-Efficient Optimization / 

Characterization

J. Kirschner

 

→Make best use of limited, local data

→ Improve Bayesian optimization / characterization

→Deploy into accelerator operations (e.g. Badger)

Data sets

Fast physics-based 

system models

Comprehensive System Control

 

→Consider broader machine behavior 

(local → global)

(time-independent → time-dependent)

→ Leverage larger data sets / models 

→Deep reinforcement learning, model 

predictive control, physics model informed 

Bayesian approaches 

https://arxiv.org/pdf/2403.03225



Feedback and Model-based Warm Starts

• Direct image-to-image comparison (MSE on a target 

image) with feedback (extremum seeking - ES)

• Warm start from an inverse NN model examining LPS 

energy and time profile projections

• Set L1S phase and BC2 peak current settings

• Challenges:

• Difficult to get a reliable inverse model for the many 

setups (initial model guesses not high quality even 

for data from same day)

• Without model-based warm start, ES can get stuck 

in local minima

• MSE metric not sufficiently reliable

ML

Inverse 

Model

L1S phase

BC2 peak current

Local 

optimizer

Suggested 

initial 

settings

A. Scheinker, A. Edelen et al, PRL (2018)

https://doi.org/10.1103/PhysRevLett.121.044801



Bayesian optimization for LPS
minimizing bunch length to 

XTCAV resolution limit

• Adjusting the cavity phases and 

amplitudes directly (6 variables)

• MSE on target image or FWHM fits to 

bunch length/energy

• Constrained Bayesian optimization 

works well for minimizing/maximizing 

bunch length/energy spread while 

constraining on energy

• Multi-objective Bayesian optimization 

for mapping out tradeoffs of new 

configurations → important for novel 

FEL modes

exploring Pareto front for energy spread and bunch length



Learned Metric

spurious features ignored

• Auto-encoder / variational auto-

encoder to capture low-dimensional 

metric for high-level features

• 2D latent space reconstructs bulk 

features of the beam well

• Optimization with latent space metric 

provides improved performance in 

synthetic tests

• Stepping stone to more complex 

targets (e.g. photon + LPS)
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Performance on Experimental Tests
Target

reconstruction
Target and final 

reconstruction
Target and

 final raw

start

final

target

latent

iteration 0-2 are initialization

Latent space metric with BO converges quickly when auto-

encoder is accurate 

However:

• Numerous machine setups / configurations

→ sometimes reconstruction is not accurate

• uncertainty propagation needed

• ML ops workflow needed to update model

• Machine stability and complexity of phase space varies 

– some cases don’t see as much advantage from AE 

metric vs. MSE on image or profile projections

Working to improve / further evaluate metric for single, 

two-bunch, and multi-target cases



Transverse Tuning:

FEL Pulse Intensity 

• FEL is sensitive to focusing, trajectory; 

perturbing beam/feedbacks too much 

results in beam losses

• Primarily transverse controllable variables 

used during standard tuning (e.g. 

quadrupoles)
•  

• Data-driven surrogates and differentiable 

sims (Cheetah) to train agents
  

• Iteratively add more data, targets and 

variables:

• Photon pulse intensity

• LPS images, spectra

• Focusing magnets, RF cavities, undulator
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~28 focusing magnets for FEL pulse intensity

(many more variables to include: steering, rf cavities, undulator, drive laser)



Current Status /Next Steps

• Improving Cheetah simulation to include more realistic longitudinal effects (e.g. cavity wakefields) in differentiable 

simulation

• Have used gathered measured data and simulation data to make coarse ML model for LPS

• Continuing to improve/evaluate metric

• Reinforcement learning: initial explorations with DDPG look promising

• Hope to have beam time to evaluate soon

• Will need to evaluate how much upstream information needed for state

• May need approaches such as meta-learning to account for variety of machine conditions

6 cavity 

phases/amplitudes

Target/actual phase space

Other upstream info?

Changes to 6 cavity 

phases/amplitudes
RL agent

state action

target actual

reward

actualtarget

latent difference metric or other?



Questions?

Also thanks to many team members / collaborators on 

closely related work in BO, RL and differentiable 

simulations! 

Ryan Roussel, Daniel Ratner, Finn O’Shea (SLAC)

Jan Kaiser, Annika Eichler, Christian Hespe (DESY)

Malachi Schram, Kishan Rajput (JLAB)

 Andrea Santamaria Garcia (University of Liverpool)

Chenran Xu (KIT)

 Simon Hirlaender (Salzburg)

Remi Lehe and others (LBNL)



Beam exists in 6-D position-momentum phase space

Incomplete information: measure 2-D projections or reconstruct based on 

perturbations of upstream controls (e.g. tomography)

Dozens-to-hundreds of controllable variables and hundreds-of-thousands to 

monitor 

Increasingly dynamic control needed during experiments
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Detailed beam phase space customization required for 

different experiments

Nonlinear, high-dimensional control problem



Fluctuation in longitudinal phase space shot-to-shot (no setting changes)
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Example of expressivity: 2-dimensional latent space on 64x64 images (down-

sampled from 256x256), SXR

Moving through 

latent space in 1D

(raw)
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