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Abstract
The Heidelberg Ion Beam Therapy Centre (HIT) plans

to implement multi-energy extraction, which allows faster
cancer treatment by re-accelerating unextracted beam in the
synchrotron. Thus an increase of the number of particles
injected into the synchrotron would directly benefit patient
treatment time and consequently also the number of patients
treated. However, optimization of beam line segments by
operators is often time consuming and it is difficult to align
with a global optimum for the entire beamline. To address
this problem we investigate the implementation of a machine
learning algorithm based on Bayesian optimization using
gaussian process models for online accelerator tuning. We
specifically focus on sample-efficient transmission optimiza-
tion for larger beamlines in medical accelerators and the
effects of input space and objective selection.

INTRODUCTION
Particle therapy uses ions to irradiate a tumor volume by

utilizing a Bragg peak, minimizing damage to surrounding
healthy tissue. The position of this Bragg peak inside the
tissue can be controlled by adjusting the energy of the parti-
cles used for irradiation. In conventional synchrotron-based
delivery, switching between energies requires dumping of all
remaining particles and restarting the full injection and ac-
celeration cycle, introducing significant dead time between
energy layers and driving up power costs. Multi-energy ex-
traction reduces this inefficiency by re-accelerating unused
particles within the same fill, directly reducing treatment
times [1]. A higher available particle count also opens the
door to irradiation with a higher dose rate, a regime that has
shown promise in improving treatment outcomes .

The beam transport from the ion source through a linear
accelerator and to the synchrotron, consists of many individ-
ually tunable elements: focusing quadrupole magnets, dipole
bending magnets, and beam-steering corrector (steerer) mag-
nets. Optimizing their collective settings to maximize beam
transmission is a high-dimensional problem that is difficult
to solve by hand or without proper models and simulations.
Traditional operator-driven tuning relies on expert knowl-
edge and time consuming iterative manual adjustment. Auto-
mated tuning algorithms have therefore attracted significant
interest in the accelerator physics community [2]. Bayesian
optimization (BO) is a powerful framework for the data-
efficient optimization of expensive black-box functions. By
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maintaining a probabilistic surrogate model of the objective
and using an acquisition function to guide the search, BO
can optimize the underlying function within fewer functions
evaluations. This property is especially valuable in an online
accelerator setting, where each evaluation corresponds to
a live beam measurement that consumes scarce beam time
and power. In this work we investigate the application of
Bayesian optimization with Gaussian process surrogate mod-
els to the online transmission optimization of a beamline for
a medical synchrotron. We examine the scalability of the ap-
proach with respect to the dimensionality of the input space
and propose a structured decomposition of the full beamline
optimization problem that reduces effective dimensionality
and improves sample efficiency.

METHODS
Gaussian Process Surrogate Models

A Gaussian process (GP) is a probabilistic model that de-
fines a distribution over functions [3]. Formally, a GP is fully
specified by a mean function 𝑚(𝑥) and a covariance (kernel)
function 𝑘(𝑥, 𝑥′), such that any finite collection of function
values follows a multivariate Gaussian distribution. Given
a set of noisy observations D = (𝑥𝑖, 𝑦𝑖), the GP posterior
provides a predictive distribution where the predictive mean
acts as a point estimate of the objective, while the predictive
variance quantifies model uncertainty. In practice, the radial
basis function (RBF) kernel,

𝑘(𝑥, 𝑥′) = 𝑒(−‖𝑥−𝑥′‖2/2𝑙2), (1)

is widely used, where 𝑙 is the length scale. Kernel hyper-
parameters such as 𝑙 are typically learned by maximizing the
marginal log likelihood of the observed data. The marginal
log likelihood serves as a measure for the agreement between
data and model.

Acquisition Functions
The acquisition function 𝛼(𝑥) uses the GP posterior to

score candidate points according to predefined algorithm.
Optimizing 𝛼(𝑥) yields the next query point 𝑥∗ which in turn
is then measured and used to update the GP. The acquisition
function used in all described experiments is Upper Confi-
dence Bound (UCB). UCB is derived from the principle of
optimism under uncertainty [4]. It scores each candidate
point by:

𝛼𝑈𝐶𝐵(𝑥) = 𝜇(𝑥) + 𝜅 ⋅ 𝜎(𝑥), (2)
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where 𝜇(𝑥) and 𝜎(𝑥) are the GP posterior mean and standard
deviation, respectively, and 𝜅 ≥ 0 is a tunable exploration
parameter. A larger 𝜅 encourages more exploratory behav-
ior by up-weighting uncertain regions, a smaller 𝜅 drives
exploitation near the current optimum. In this work, UCB
is selected as the primary acquisition function due to its
simplicity and fast computation.

Acquisition Function Optimization
Finding the optimum of 𝛼(𝑥) is itself an optimization

problem that must be solved at each BO iteration. Because
𝛼(𝑥) is cheap to evaluate, requiring only GP posterior in-
ference, a naïve Monte Carlo (MC) sampling approach was
chosen as the primary method of this work. For MC sam-
pling a large number of candidate points is drawn uniformly
from the input space, the acquisition function is evaluated at
each, and the point with the highest score is returned. While
conceptually simple, MC sampling suffers from poor scaling
with input dimensionality. The number of samples required
to maintain adequate coverage of the space grows exponen-
tially. In low-dimensional problems (two to four parameters)
MC sampling is effective, but as the number of dimensions
increases, the approach becomes too expensive for online
optimization. To address this limitation, a gradient-based
optimization using the Adam (Adaptive Moment Estimation)
optimizer was implemented [5]. Because the GP posterior
mean and variance are differentiable with respect to the input
x (given a differentiable kernel), the gradient of the acqui-
sition function Δ𝑥𝛼(𝑥) can be computed analytically and
via automatic differentiation. Testing of the Adam-based
acquisition optimizer in the online beamline has not yet been
possible at the time of writing.

Application to Online Beamline Optimization
In the context of online beamline optimization the input of

the GP is some form of setting(s) which controls beamline el-
ements while the observations are measurements taken with
beam instrumentation devices. The experiments performed
in this work used only the bending strength of qudrupoles as
inputs. Measurements of the beam current taken by a trans-
former coil as the observation of transmission. As shown
in Fig. 1 there are two optimization loops, the outer loop
which takes the costly beam measurements and the inner
loop which uses the surrogate model. After some initial
measurements the GP model is used to predict the next point
by MC sampling the inner loop and selecting the best re-
sult as the next point. The measuremnt of this next point is
then taken by the accelerator and used to update the model.
Criteria for the completion of the outer loop could be some
fixed measuremnt budget or stagnation of the transmission
improvement for several cycles.

Proposed Method: Structured Decomposition of
the Optimization Problem for Large Beamlines

Even with a gradient-based inner optimizer, the dimen-
sionality of the full beamline optimization problem, which
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Figure 1: Flow chart of the online optimization process.
Green fields are measurements taken with the accelerator,
blue ones are computations.

may involve well over 20 independent magnetic elements,
remains a challenge for online GP-based surrogate modeling.
To address this, two methods are proposed. One is a simple
segmentation along the length of the beamline. Wherever
there is sufficient beam instrumentation to measure the trans-
mission and position the beamline is divided and optimized
seperatly with only a small overlap between segments to
allow for adjustment between segments. The other is a phys-
ically motivated decomposition of the optimization problem
that separates the roles of different magnet families. The
injection beamline contains two functionally distinct device
classes: (i) quadrupole magnets, which primarily control
beam focusing; (ii) steerer magnets and dipole bending mag-
nets, which adjust the transverse beam position and angle;
In an ideal setting where the beam is kept in the center of the
beamline both classes should be optimizable independently
of each other. Since this will likely not be achivable in a real
world setting a multiobjective approach is necessary to find
a trade-off between transmission and centration.

To do so we propose training two separate Gaussian pro-
cess surrogate models with distinct objectives, each operat-
ing over a reduced input space corresponding to a subset of
device families. The first GP is trained on beam transmission
as the objective and takes the settings of quadrupole mag-
nets as inputs.The second GP is trained on a beam centration
objective quantifying how well the beam travels along the
nominal axis of the beamline and operates over the settings
of steerer and dipole magnets.

This decompositions reduces the number of devices that
must be co-optimized in a single GP from the full comple-

IPAC'26 Preliminary proceedings (edited version): WEP6005



PREPRIN
T

ment of up to 20 elements to a subset of approximately 6–10
quadrupoles and 6–10 steerers and dipoles.

RESULTS
Experiments were conducted on isolated short segments

of the injection beamline, in which only a small number of
magnetic elements (two to four quadrupole magnets) were
optimized simultaneously. Beam transmission was mea-
sured using a current transformer at the end of the optimized
segment. The GP surrogate model was initialized with as
little as 5 random observations, after which BO iterations
were performed for a fixed observation budget.

For two dimensions the Monte Carlo acquisition optimizer
with 500,000 randomly sampled candidates performed re-
liably in two dimensions. As can be seen in Fig. 2 the GP
surrogate accurately captures the landscape within few eval-
uations, and UCB-guided optimization converged to current
values comparable to or exceeding the best operator-tuned
settings. There is however room for improvement as the GP
does not accurately model the height of the optimum. The
number of required machine interactions can be kept below
fifty even in the four dimensional case which is particularly
significant given the limited beam time available outside of
clinical operations.

Figure 2: Online Transmission Optimization for a
quadrupole triplett. The read dots are the actual accelerator
observations taken in the outer loop. The surface plot shows
the beam current prediction of the GP surrogate model.

When the optimization was extended to larger beamline
sections involving six and eight simultaneously varied de-
vices, the MC-based acquisition optimizer exhibited clear
degradation in performance. Even at 5 × 106 candidates, the
effective resolution of the acquisition function maximum
deteriorated and the optimizer consistently returned subop-
timal next query points causing the improvement in beam
current to plateu early into the optimization. This was con-
firmed by later analyzing the six dimensional data using the
Adam optimizer which found much better settings closer to
the operator tuned values compared to the MC sampling.

Further it was found that the Adam optimizer is also prone
to become stuck in local optima and a number of randomly
initialized restarts were needed to consistently reach the per-
ceived global optimum. The required number of restarts
scales with the dimension of the problem just as the MC
sampling, but not exponentially.

Including steeres and dipoles into the transmission op-
timization proved to be difficult because of the sensitivity
even to small deviations, causing the beam current to drop
down to the noise level of the measuring device. This led to
the proposed method of spliting quadrupoles, and steerers
and dipoles into different groups and using a multiobjective
optimization approach which could not yet be tested.

CONCLUSION
The results demonstrate that Bayesian optimization with

Gaussian process surrogates is a viable and sample-efficient
approach to online transmission optimization for short beam-
line segments. The UCB acquisition function provides an
intuitive and principled trade-off between exploration and
exploitation, and low-dimensional experiments confirm fast
convergence with a limited number of beam measurements.
Monte Carlo acquisition optimization, while adequate in
low dimensions, fails to scale due to the exponentially grow-
ing volume of the input space. The proposed transition to
Adam-based gradient optimization of the acquisition func-
tion shows better behaviour in an offline setting, is practically
straightforward to implement within the existing BO frame-
work, but requires experimental validation in the online
setting.

The primary technical challenge remains scalability to
the full injection line. The dual-GP decomposition might be
able to addresses the complementary challenge scalability
in high dimensions. By separating the roles of focusing ele-
ments (quadrupoles) and trajectory elements (steerers and
dipoles), and by assigning each family to a distinct GP with
a physically meaningful objective, the effective dimension-
ality of each sub-problem is substantially reduced. Wether
this methods holds up still needs to be proven in future ex-
periments. Difficulties might include the steering effects of
quadrupoles on off-center beams and sensitivity of steeres
and dipoles prompting a more iterative approach negatively
impacting sample efficiency.

Recent related work has also provided improvements upon
the methods used in this work, such as improved acquisition
functions or much desired incorporation of prior knowledge
and historical data [6].
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