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Abstract
The Multi-Turn Extraction (MTE) is a resonance-based

technique employed in the CERN Proton Synchrotron (PS) to
split the beam into multiple beamlets in the horizontal phase
space before extraction to the Super Proton Synchrotron
(SPS). The splitting efficiency is measured by the uniformity
of the intensities across the beamlets, and optimising it re-
quires fine-tuning several control parameters. The task is
particularly challenging due to MTE’s sensitivity to multiple
interacting variables. In this paper, we investigate the influ-
ence of key parameters on MTE efficiency to improve the
understanding of their impact on the process. Using a Gaus-
sian Process model and various visualisation techniques, we
assess the sensitivity of the MTE efficiency to parameters
such as horizontal tune, horizontal excitation strength and
frequency, beam intensity, and magnetic hysteresis. The
results indicate a complex, non-convex relationship between
the MTE performance and these parameters. In addition,
external factors, such as magnetic and thermal fluctuations,
are potential contributors to performance variability. The
findings emphasise the need for a model-based approach
to ensure consistent and optimised MTE operation. We
propose a solution supported by experimental results.

INTRODUCTION
An essential technique for delivering proton beams from

the Super Proton Synchrotron (SPS) to CERN’s North Ex-
perimental Area for fixed-target physics is the Multi-Turn
Extraction (MTE) [1–3] scheme at the Proton Synchrotron
(PS). This is a resonance-based technique that enables split-
ting the beam into multiple smaller beamlets to transfer a
uniform intensity beam with the length of five PS turns to
the SPS. The beam splitting is achieved by exciting a fourth-
order resonance with non-linear magnets, while crossing the
resonance by ramping the horizontal tune (𝑄h). Figure 1
shows the resulting phase-space topology after crossing the
fourth-order resonance. The MTE technique results in the
extraction of five beamlets, one corresponding to the beam
distribution around the origin of the horizontal phase space
and the other four corresponding to the beam trapped in non-
linear stable islands [4]. Furthermore, a transverse feedback
system (TFB) is used as a time-dependent external exciter
that supports trapping the particles in the islands. This hor-
izontal dipolar excitation is applied when 𝑄h crosses the
resonance [3]. The TFB excitation is characterised by its
frequency and strength. The detailed dynamics is studied
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Figure 1: Example of the horizontal phase-space portrait
after crossing the fourth-order resonance. The stable region
around the origin is referred to as the core, while the non-
linear stable structures are called islands [4].

in [5]. After the splitting process, the beam is extracted over
five consecutive turns and transferred to the SPS, where it is
captured, accelerated, and slowly extracted towards the SPS
North Area experiments.

The beam intensity should be equally distributed over the
five beamlets to provide a continuous and uniform spill to the
SPS and the splitting efficiency 𝜂MTE is the figure-of-merit
describing the uniformity:

𝜂MTE = ⟨𝐼islands⟩
𝐼total

, (1)

where ⟨𝐼islands⟩ is the average intensity in the islands and
𝐼total is the total beam intensity [3]. In operation, each beam-
let is targeted to contain one fifth of the total intensity.

The study presented in this paper aims to provide optimal
control of 𝜂MTE, where the three key control parameters,
namely 𝑄h, TFB excitation frequency (𝑄tfb), and TFB exci-
tation strength (𝑘tfb) are adjusted in an automated manner.
Subsequent sections detail the analysis of parameter interde-
pendencies, as well as the implementation and performance
evaluation of a model-based controller.

PARAMETER SENSITIVITY ANALYSIS
A Gaussian Process (GP) model was employed to inspect

the dependence of the splitting efficiency on key parameters.
We start with a set of initial parameters and vary them within
predefined ranges based on operational requirements and lim-
itations. A response GP model GP(𝑄tfb, 𝑄h, 𝑘tfb) = 𝜂MTE is
then fitted to the experimental data. For improved visualisa-
tion and interpretability, the response is plotted in terms of
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Figure 2: Left: Experimental data (circles) and GP interpolation (background) for selected 𝑘TFB values, where 𝜂MTE < 0.2
(blue) and 𝜂MTE > 0.2 (coral), and 𝜂MTE ≈ 0.2 (black). Centre: Xsuite [6] simulations demonstrating qualitative agreement
with experiments. Right: Qualitative illustration of parameter dependencies. Optimal solutions lie on the surface of the
“vase-like” structure.

TFB frequency and horizontal tune for various fixed levels
of TFB strength. In this way, the problem is projected into
two dimensions, as shown in Fig. 2 (left). The circles depict
experimental data points, whereas the response from the GP
is shown in the background. The colour represents the split-
ting efficiency, where the black areas define the operational
target. There is a good agreement between the colour of the
experimental data points and the colour of the response from
the GP. The grid search at 𝑘tfb = 0.16 (bottom left of the left-
hand plots) also confirms the interpolation performed based
on the GP, indicating that the surrogate model can accurately
capture the interaction of the parameters. It is worth noting
that the relationship between 𝑄tfb and 𝑄h is non-linear and
non-convex, highlighting the necessity for a model-based
approach. Furthermore, the results indicate that an optimal
𝜂MTE only exists if 𝑘tfb is large enough. Selecting an ap-
propriate 𝑘tfb based on the beam intensity is a simpler task,
reducing the modelling problem to two dimensions.

A qualitative illustration of the dependence of 𝜂MTE on
the three control parameters can be seen in Fig. 2 (right).
Note that the plot serves solely as a conceptual illustration of
the problem and is not derived from empirical data. Due to
the dynamics of the PS, the “vase-like” shape can shift and
be subject to distortion on all axes due to magnetic hystere-
sis, bunch intensity, and other unknown external parameters.
Currently, the PS operator manually finds the optimum af-
ter a drift or sudden change. This process is challenging
and time-consuming. Hence, an automated continuous con-
trol approach is proposed that monitors and corrects for
performance drifts, with the aim of continuously providing
optimum performance.

MODEL-BASED CONTROLLER
Acquiring a measurement of 𝜂MTE takes a considerable

amount of time, depending on the PS super-cycle configura-
tion, making data collection time-consuming. Furthermore,
suboptimal splitting degrades the beam performance of the
SPS and fixed-target experiments. The controller must hence
operate with high sample efficiency, i.e. it should provide an
accurate model and an optimal splitting in as few iterations
as possible, to minimise the perturbation to beam operation.

Previous attempts with the extremum seeking algorithm did
not fulfil these requirements [7]. This is why a Bayesian Op-
timisation (BO) framework is employed based on a GP prior
to construct a probabilistic surrogate model of the objective
function. An acquisition function is then used to identify
the most informative points for subsequent evaluations [8].

Based on the analysis discussed in the previous section
(see also Fig. 2), one can conclude that an optimal splitting
can be achieved as long as 𝑘tfb is large enough. The latter is
a function mainly of the beam intensity and was determined
empirically. The GP model can now be formulated as fol-
lows: BO(𝑄tfb, 𝑄h; 𝑘tfb) = −|0.2 − 𝜂MTE|, and the goal is to
minimise the objective function to achieve optimal splitting.

The prior function is constructed using the mean and co-
variance of the data points 𝑄tfb and 𝑄h via GP, with 𝑘tfb
treated as a fixed parameter during optimisation. The Upper
Confidence Bound (UCB) acquisition function was found
to provide a good balance between exploration and exploita-
tion. At each iteration, the BO loop proposes a new pair
(𝑄tfb, 𝑄h) that is applied to the PS control system, result-
ing in a corresponding 𝜂MTE value. The UCB acquisition
function combines two components: an exploitation term
that maximises the posterior mean and an exploration term
weighted by the model’s posterior variance to capture epis-
temic uncertainty. Figure 3 depicts the described process.

To bootstrap the BO, the model requires at least one data
point to construct the surrogate model. This is typically
achieved by performing 𝑛 initial exploration steps, in which
the model randomly samples the input space. However,
this could cause great volatility in the splitting efficiency.
Hence, instead of performing a random search, five prede-
fined points are sampled in the parameter space to ensure
sufficient coverage and limit extreme values. Furthermore,
super-cycle changes are very disruptive due to effects caused
mainly by magnetic hysteresis. Therefore, the collected data
are grouped according to the two cycles preceding the MTE
beam. Historical data are used as a “warm start” for the
model to avoid significant fluctuations. As a result, while
the controller is running, the parameters and the respective
objective values are collected for a certain super-cycle con-
figuration. Whenever a known configuration occurs, the
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Figure 3: Illustration of the BO building blocks in one di-
mension. After constructing the initial GP posterior over the
objective function with fixed 𝑘tfb and 𝑄h (top), UCB is used
to select the next 𝑄tfb candidate for evaluation (bottom), and
the posterior is updated with the new measurement.

saved data are used to construct the model. This avoids the
initial exploration steps, as the GP already has enough data
to build a posterior estimate of the objective function.

The approach needs to adapt to the high sensitivity of the
PS ring; even small modifications of the parameters can have
a considerable effect on the splitting efficiency. This means
that once an optimal parameter setting is found by the model,
instead of continuously changing the parameters around the
optimum, the parameters are frozen. Furthermore, when
the controller has found settings that provide near-optimal
splitting, UCB with Proximal Biasing [9] is used to prevent
large deviations from current settings. From here on, the
controller monitors 𝜂MTE and intervenes only if the optimum
has shifted, which means that it changes machine parameters
only when necessary.

RESULTS
Figure 4 (top) shows the result of a seven-hour run dur-

ing PS beam commissioning on 31st March 2025. The first
anchor box shows the model performance with frozen pa-
rameters. The variance of 𝜂MTE clearly demonstrates the
sensitivity of the problem. Note the spikes where the split-
ting efficiency drops significantly. This is caused by the
initial exploration steps, that is, when there are no historical
data available to condition the GP. Such abrupt changes and
reactions of the controller typically occur when the optimum
shifts suddenly due to a super-cycle change. The second an-
chor box illustrates how the use of historical data for a warm
start of the BO routine reduces the number of suboptimal
shots from ∼ 10 to 1-2. The third box presents a general case
where, following a super-cycle change, the model performs
five exploration steps before initiating optimisation, finding
a solution, and subsequently freezing the parameters.
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Figure 4: Top: Evolution of 𝜂MTE over time. The red area
indicates the parameter freeze threshold, while the yellow
band defines the operational requirements for the MTE beam.
Bottom: Comparison of the splitting performances on an
MTE cycle with and without controller, respectively. Data
were collected over a 60-hour period.

Figure 4 (bottom) compares the splitting performance in
a cycle with the controller running vs. an uncorrected cycle.
During the 60-hour test period, 96.2% of the cycles played
had a splitting efficiency within requirements, compared to
51.8% for the uncorrected cycle. The increased variance in
the controller results from exploration steps that are required
when no historical data are available. This diminishes as
more super-cycle configurations are encountered.

CONCLUSIONS
This work demonstrates that Gaussian Process models can

effectively capture the dependencies of complex physical pro-
cesses, such as the multi-turn extraction scheme employed at
the CERN PS, even when fitted to a limited number of sam-
ples. The resulting understanding of the dynamics of the pro-
cess allowed a reduction in the dimensionality of the control
problem by identifying the two key parameters that dominate
the behaviour of the system. The proposed Bayesian Opti-
misation based controller maintained the splitting efficiency
within specifications in 96.2% of the cycles, significantly
outperforming the uncorrected baseline at 51.8%. Impor-
tantly, this approach also addressed limitations observed
with numerical optimisers, extremum seeking, and hybrid
strategies, such as insufficient sample efficiency, variance
due to continuous exploration during stable beam production
periods, and disruptive exploration, the latter being particu-
larly problematic due to the resonant nature and sensitivity
of the process. As a next step, long-term tests are planned
in 2025 before deploying the approach in routine operation.
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