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Abstract

The University of Hawai‘l at Manoa (UHM) linac deliv-
ers up to 45 MeV electron beams to a Free-Electron Laser
(FEL) oscillator. As the linac is being recommissioned for
renewed FEL operation, we are developing simulation and
optimization tools to recover operational settings and to ex-
plore the landscape of beam-manipulation techniques for
future experimental apparatus. This paper benchmarks clas-
sical deterministic methods and Bayesian optimization (BO)
algorithms on three representative beam-optics tuning sce-
narios using a beam dynamics simulation model developed
in-house. For problems with only a few free parameters,
classical methods converge reliably, while finite-difference
derivative information improves the performance of con-
strained gradient-based solvers. For the higher-dimensional
case, BO with a Gaussian Process (GP) surrogate and Sobol
initialization provides a more robust path toward conver-
gence. The emphasis is on the number of optimization it-
erations required for each scenario, in order to anticipate
the computational cost of applying the same workflow to
higher-fidelity models.

INTRODUCTION

The University of Hawai‘i Free Electron Laser (UH FEL)
facility, previously led by Prof. John Madey, comprises
a compact S-band linear accelerator and an infrared FEL
system originally developed as the Mark-IIT FEL undulator.
The facility entered recommissioning in 2024 after a nearly
decade-long standby period. A description of the recommis-
sioning activities is reported in Ref. [1]. Additional research
plans for the UHM accelerator and FEL laboratory were
presented in Ref. [2].

The present work aims to benchmark optimization algo-
rithms to determine the optimal beam transport parameters
at the entrance to the FEL undulator and at an upstream In-
teraction Point (IP) used for the Inverse-Compton Scattering
(ICS) experiment. This is a typical scenario where the Diag-
nostic Chicane beamline is used to shape the beam between
the linac and the FEL. The Diagnostic Chicane beamline
consists of a Chasman-Green Double Bend Achromat (DBA)
configuration adapted to linear geometry; it offers several
focusing doublet and triplet sections, allowing for the mini-
mization of the transverse envelopes at the IP and a specific
focusing of the beam at the FEL undulator entrance.

The optimization algorithms were implemented within a
more general beam-dynamics simulation framework, FEL-
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sim [3]. The framework includes several widely used beam-
dynamics codes (RF-Track [4], XSuite [5], COSY INFIN-
ITY [6]) and a fast linear beam-matrix-theory code devel-
oped in-house. We run the optimization algorithms on the
fast linear beam-matrix-theory code as a proof of concept,
before scaling the optimizers to other, more complex codes
in future studies. We therefore do not aim to measure the
code’s ultimate execution time. Instead, we use it to es-
timate the number of iterations required to solve various
beam-matching scenarios.

The simulation model includes quadrupoles with fringe
fields, dipoles with wedge angles, and uses quadrupole cur-
rents as the optimization variables. The code returns the
6D beam parameters, and, in the context of the studies, the
parameters of interest are the transverse Courant-Snyder (3,
By, a,, ay), dispersion functions, and beam envelopes at
selected locations along the transport line. The practical
questions addressed here are which optimization algorithms
are reliable for beam matching, how many evaluations they
require, and how their performance changes with the num-
ber of free quadrupole settings. Three tuning scenarios of
increasing complexity are considered. Scenario A uses a
two-quadrupole doublet and adjusts the currents to meet the
conditions &, = 0 and a, = 0 at a downstream observation
point, representative of the transfer line between the linac
and the first dipole of the DBA lattice. Scenario B extends
the study to the entire Diagnostic Chicane beamline up to
the undulator entrance (UE), covering the interaction point
(IP). The problem is decomposed into 12 sequential stages;
each stage optimizes the relevant subset of quadrupoles and
passes the beam state to the following section. Scenario C
is tested to optimize a high-dimensional parameter space by
controlling 16 quadrupoles simultaneously over the IP-UE
region. It combines the IP focusing constraints, an interme-
diate dispersion target, and the undulator Courant-Snyder
matching into a single objective.

For all scenarios, the objective is the weighted mean-
squared error between simulated observables and target val-
ues:

ey

where o; is the simulated observable, g; the target observ-
able, s; a normalization scale, and w; is a weight for each
observable.
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DETERMINISTIC METHODS
Algorithms

We first compare five classical local optimizers available
through scipy.optimize [7]: Nelder-Mead, COBYLA, L-
BFGS-B, SLSQP, and trust-constr. L-BFGS-B and SLSQP
use a two-point finite-difference Jacobian, while trust-constr
combines the same Jacobian estimate with a BEGS Hessian
approximation. Nelder-Mead and COBYLA are derivative-
free, providing a useful comparison when gradient informa-
tion is not available (black-box optimization).

Results

Scenario A is a two-parameter matching problem used as
a controlled case for comparing convergence on a map with
several local minima. The currents are varied over 0-1.5 A.
For each method, 100 random restarts are performed within
these bounds. The classical methods are likely to start near
a local minimum (MSE = 4.2 x 10~3) on the 2-parameter
map we use in Scenario A. We adopt a subjective rule for
analyzing the convergence of classical algorithms, discard-
ing optimization runs that end with an MSE above 1073,
while acknowledging the resulting bottleneck in these meth-
ods. Figure 1 shows the geometric mean convergence and
one-standard-deviation bands in logarithmic space.
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Figure 1: Convergence of the local optimization algorithms
for Scenario A. The curves show the geometric mean over the
random restarts, with bands corresponding to one standard
deviation.

Scenario B extends the same approach to the entire Diag-
nostic Chicane beamline by splitting the matching problem
into 12 sequential stages. Figure 2 compares Nelder-Mead,
SLSQP, and trust-constr for this staged procedure. The aver-
age cumulative number of evaluations over the course of the
entire Diagnostic Chicane optimization for the trust-constr
method with the Jacobian estimate and a BFGS Hessian
approximation is relatively high (5800) compared to the
Nelder-Mead method (2600) and the SLSQP with Jacobian
(1800). We also calculated the cumulative MSE for the
different methods across the different stages of Scenario B.
The SLSQP and Nelder-Mead methods yield similar values;
however, the trust-constr method yields a cuamulative MSE
twice that of the other two methods. In general, for solving
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Scenario B, all methods shown in Fig. 2 are viable in terms
of final MSE, and with faster optimum search for the SLSQP
method with Jacobian.

In Scenario C, where the IP and undulator matching are
optimized simultaneously, the local methods become less
reliable. The greater number of coupled quadrupole settings
increases the likelihood of finding local minima and makes
the number of required iterations less predictable. After sev-
eral repeated runs with 1000 evaluations for each method, the
classical algorithms all yielded MSE > 10°. This motivates
the use of Bayesian optimization for the high-dimensional
case.

BAYESIAN OPTIMIZATION

Framework and Algorithms

Bayesian optimization (BO) builds a probabilistic surro-
gate of the objective function and uses an acquisition func-
tion to select the next point to evaluate [8]. This is attractive
for beamline tuning because the number of model evalua-
tions is the relevant cost when moving from a linear-optics
model to higher-fidelity tracking tools. In this work, the sur-
rogate is a Gaussian Process implemented through Xopt [9]
and BoTorch [10]. We compare Upper Confidence Bound
(UCB), Expected Improvement (EI), and UCB-TurBO [11],
the latter using a trust region to improve scaling in larger
parameter spaces.

Initialization with Sobol Sequences

The GP is initialized with quasi-random Sobol sam-
ples [12], which cover the parameter space more uniformly
than purely random points. Three history levels are com-
pared: a cold start, a small history generated from 102 Sobol
points, and a medium history generated from 10* points.
For the warm-start cases, a diverse subset of the best history
points is selected before the BO loop. This gives the surro-
gate more information at the start of the scan, at the price of
additional up-front evaluations.

Scenario A: Parameter Space Map

Figure 3 shows the MSE landscape for Scenario A over
the same two current variables as Fig. 1. The overlaid BO
points compare UCB, EI, and UCB-TurBO. Each BO run
uses 15 randomly selected initial points, followed by 200
BO steps. The BO methods converge to an MSE similar to
that of the classical algorithms in this simple 2-parameter
optimization case.

Scenario B: Sequential Matching

For Scenario B, BO was applied to the same staged match-
ing procedure used for the local optimizers. Without history,
the cumulative number of evaluations required by the BO
algorithms is typically between 2700-3100, which is com-
parable to the Nelder-Mead result in Fig. 2. The main differ-
ence appears when prior samples are used to initialize the
surrogate model. With a history generated from 10% Sobol
points at each stage, the cumulative number of additional
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Figure 2: The upper panels show the convergence of the local optimization algorithms over the 12-stage Scenario B
optimization. The lower panel shows the beamline schematic and the corresponding B-function propagation.
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Figure 3: Scenario A MSE landscape with Grid local minima
are marked together with the best BO solutions obtained with
UCSB, EI, and UCB-TurBO for 200 evaluations.

BO evaluations decreases to about 300-600, depending on
the acquisition function. This shows that even a modest
pre-sampled history can substantially accelerate the staged
optimization.

The benefit of larger histories is more limited in this case,
since Scenario B is decomposed into a sequence of low-
dimensional problems, mostly involving two or three vari-
ables and only one four-variable stage. Larger histories are
more relevant for the higher-dimensional case discussed be-
low.

Scenario C: High-Dimensional Viability

For Scenario C, the contrast between local optimization
and BO is more pronounced. Repeated local-optimizer runs
limited to 1000 evaluations remained trapped at high ob-
jective values, with MSE > 103. Cold-start BO with UCB
and EI also remained insufficient over the same evaluation

budget, converging to values above MSE = 103. In con-
trast, cold-start UCB-TurBO already reached MSE < 1071
within 1000 evaluations, indicating that the trust-region strat-
egy is better suited to the coupled high-dimensional search.
The use of history is particularly beneficial in this scenario.
Initializing UCB-TurBO with a history generated from 10*
Sobol points further improved the convergence, reaching
MSE < 102 after about 400 additional BO evaluations.

CONCLUSION

‘We have presented a first benchmark of optimization algo-
rithms applied to the UHM FEL beamlines. Local optimiz-
ers are effective for low-dimensional matching and remain
useful when the beamline is decomposed into sequential
sections. Bayesian optimization with a Gaussian Process
surrogate and Sobol initialization provides a more robust
path through the higher-dimensional parameter space.

Ongoing work includes neural-network surrogates built
with PyTorch and BoTorch, the consolidation of the GP-
based BO workflow with Xopt presented here, and a
Gymnasium-based reinforcement-learning environment for
quadrupole tuning with virtual beam monitors. Together,
these developments support the recommissioning of the UH
FEL beamline to target higher beam quality and lay the
foundation for raising the linac’s beam capabilities.
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