| PAC 26 Prelimnary proceedings (edited version):

THP4097

ROBUST REAL-TIME OPTIMIZATION OF SIS18 INJECTION USING
GAUSSIAN PROCESS MPC*

S. Hirlaender, B. Halilovic, Paris Lodron University, Salzburg, Austria
S. Appel, P. Madysa, GSI Helmholtz Centre for Heavy Ion Research, Darmstadt, Germany

Abstract

We present advancements in the data-driven Model Pre-
dictive Control (MPC) framework for optimizing multi-turn
injection (MTI) into the SIS18 synchrotron. Building on
our prior work on safe, sample-efficient optimization, we
systematically investigate the impact of current noise and
transverse emittance fluctuations. By incorporating realis-
tic error models derived from dedicated measurements of
fluctuations on injected current and emittance into simu-
lations, we demonstrate that the Gaussian Process model
effectively filters random uncertainty, maintaining robust
operation where standard numerical optimizers degrade.

Furthermore, we report on the successful deployment of
the framework during live SIS18 tuning. The controller au-
tonomously adjusted injection parameters, demonstrating
reliable convergence, enhanced efficiency, and a substantial
reduction in tuning iterations compared to model-free RL
methods, which often face challenges in real-world applica-
tions. These results establish data-driven MPC as a powerful
tool for real-time optimization in noisy, high-stakes acceler-
ator environments, setting the stage for safe learning-based
control across FAIR facilities.

INTRODUCTION

Data-driven control and reinforcement learning (RL) offer
strong potential for accelerator control problems beyond the
scope of classical methods [1,2]. However, RL in accelerator
applications is challenged by limited data availability and the
trade-off between training stability and data efficiency [3].

Model-based reinforcement learning (MBRL) addresses
this issue by using predictive environment models to esti-
mate future states and rewards. This reduces the required
interactions with the accelerator [4,5]. Gaussian processes
(GPs) provide probabilistic models of the system dynamics
and capture uncertainties essential for safe exploration.

GP-MPC [5] trains n independent GPs (one per state di-
mension) on observed transitions (s, a;) = Si.1, using an
ARD-RBF kernel whose lengthscales automatically iden-
tify the relevance of each input dimension. At each step
the controller propagates uncertainty through a finite plan-
ning horizon A via moment matching and minimizes an
uncertainty-aware cost using L-BFGS-B. Actions are relative
adjustments Aa, so the GP effectively performs derivative-
free gradient estimation of the reward landscape through its
posterior mean and variance. After each real interaction,
the GP dataset grows and hyperparameters are re-optimized,
forming an online learning loop.
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Figure 1: SIS18 injection measurement: stored current
(blue), incoming TK beam current (orange) and ideal current
(green) during the optimization. The integral values mea-
sure, in addition to the septum loss and reward, the states.

This work demonstrates the effectiveness of this approach
for the highly non-linear SIS18 injection simulation, achiev-
ing reliable performance within a number of interactions
compatible with real-machine operation.

MULTI-TURN INJECTION

FAIR, the Facility for Antiproton and Ion Research, will
provide antiproton and ion beams of unprecedented intensity
and quality [6]. Multi-turn injection (MTI) into SIS18 is a
key bottleneck for achieving the FAIR intensity goals. This
is particularly important for intermediate charge-state ions,
where it is critical to avoid loss-induced vacuum degrada-
tion [7,8]. The MTI employs four bumper magnets to create
a closed-orbit bump that allows successive beamlets to fill
the horizontal phase space in accordance with Liouville’s
theorem.

After injection, the beamlets undergo betatron oscillations
with horizontal tune Q, and pass the injection point again
after each turn. Particle losses occur at the septum and at the
machine acceptance and are quantified by the loss fraction
n, defined as the ratio of lost to injected particles. Lower 75
indicates higher injection efficiency, with = 0 correspond-
ing to loss-free injection. A more detailed description of
the MTI can be found in [9-11]. The validated SIS18 MTI
model is implemented in Xsuite and benchmarked against
experiments [10-12].

The effect of injection quality on the accumulated beam
current is shown in Fig. 1. Ideal settings yield a monotonic
increase, while mismatched injection leads to losses. The
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Figure 2: TK pulse fluctuations from nearly 150 measure-
ments. Pulses exhibit fluctuations or local increases/de-
creases depending on the ion and its production.

reward is the normalized integral deviation between actual
and ideal beam currents, scaled by the maximum ideal cur-
rent to reduce the impact of shot-to-shot fluctuations. In
simulation, six injection parameters are varied: orbit bump
amplitude x,. and angle x_, injected beam position x and
angle x’, mismatch M, and per-turn bump reduction red.

The transfer channel (TK) denotes the injection beamline
to SIS18. As shown in Fig. 2, TK pulses exhibit significant
shot-to-shot fluctuations. The ideal current /;; accounts for
these variations and is computed as the cumulative sum of
measured TK pulses per turn,

n
I4ln] = ZITK[i], n € pulse turns, (1)
i=0

instead of relying on the simpler estimate obtained by multi-
plying the average TK current by the total number of injected
turns.

An episodic Markov Decision Process (MDP) is used to
model the problem, with

i State: [779 05791’72]

¢ Reward:

J (La(1) = Igisy5(1)) dt

R =% e : 2)
1

e Action: [Ax,, Ax,, Ax, Ax’, AM, Ared]

The observation vector includes total loss 7 after 50 turns,
septum loss 775, and normalized time-integrated beam cur-
rents 71, J,. Although this 4D observation does not cap-
ture the full physical state (the particle distribution in phase
space), the GP transition model conditions on the joint
(sg»ay) pair, providing sufficient statistics for local predic-
tion despite the partial observability. Episodes start from ran-
dom perturbations and terminate upon success (R > —Ry.¢),
failure (R < —R,,orse), OF after 25 steps.
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Figure 3: Combined 5 % particle and emittance noise with
baseline reference. The GP-MPC agent remains robust under
realistic compound perturbations. Training across 30 seeds
with 95 % confidence intervals.

SIMULATION RESULTS

Extending our previous research on safe and sample-
efficient optimization [13], we study how current noise and
transverse emittance variations affect performance. Our goal
is to demonstrate robustness against stochastic uncertainties
and thus bridge the sim-to-real gap.

Note that the initial state was intentionally set close to
the global optimum, so the results characterize local con-
vergence rather than global exploration. This design choice
reflects the operational scenario where the machine is already
coarsely tuned and the controller performs fine adjustment.

Baseline Training: Under ideal conditions (no noise),
with constant emittance and an ideal rectangular TK pulse,
the GP-MPC agent converges within approx. 300 interactions
across 30 seeds with 95 % confidence intervals, confirming
reliable convergence.

Robustness to Noise: The GP-MPC agent was evaluated
across particle noise (ap € {0,1,3,5, 8} %) and emittance
noise (o, € {0,1,3,5,8, 10} %), totaling 180 runs across
6 seeds per condition. Figure 3 shows the training trajec-
tory under compound 5 % perturbations, demonstrating that
the GP’s inherent uncertainty quantification filters aleatoric
noise without degrading convergence.

The full noise grid (Fig. 4) confirms robust optimization
across all 30 conditions, with mean episode lengths remain-
ing below 10 steps.

Measurement-Based Injection: To bridge the sim-to-
real gap, the agent was tested using measured TK beam
currents [14] instead of idealized rectangular pulses. The
GP-MPC agent handles these realistic injection profiles with-
out retraining (Fig. 5), confirming generalization beyond
idealized conditions.

Observation Space Reduction: Reducing the observa-
tion vector from the 4D [, 15, 71, >] to the 2D [, ng]
increases the mean steps to converge from 11.4 + 2.5 to
17.5 + 3.2 per episode. With fewer observations, the GP
transition model faces greater state aliasing—distinct physi-
cal configurations become indistinguishable in the reduced
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Figure 4: Mean episode length across the 5 x 6 noise grid
(6, € {0,1,3,5,8} %, o, € {0,1,3,5,8, 10} %, 180 runs
total). Lower values indicate faster convergence. Cell an-
notations show average steps per episode; the GP model
maintains convergence quality across all tested conditions.
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Figure 5: Measurement-based TK injection with baseline
reference. The agent generalizes to realistic, fluctuating
beam profiles without retraining, confirming sim-to-real
transfer capability.

representation—requiring more interactions to resolve the
input-output mapping. The ARD kernel automatically
weights each observation dimension by its predictive rel-
evance, making the richer 4D setting more data-efficient. In
practice, only the 2D observation (7 and 7,]) is currently
available from standard SIS18 beam instrumentation.

FIRST REAL-MACHINE RESULTS AT GSI

The GP-MPC method was implemented at the SIS18 syn-
chrotron in July 2025 through the Geoff framework [15].
Previous successful optimization of SIS18 injection with
Bayesian optimization and BOBYQA is reported in [14].

At the machine, only a 5D subset of injection parameters
was accessible (bumper knob, fall time, chopper offset, two
corrector kicks), compared to the 6D simulation parameter
space. The mismatch parameter M was not individually
controllable through the available high-level knobs.

Figure 6 provides an overview of the measured opti-
mization, showing normalized system states (top), actor
outputs (middle), and RMS reward (bottom) over 100 steps.
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Figure 6: GP-MPC optimization trajectory at GSI (measure-
ment): states (top), actor outputs (middle), and RMS reward
(bottom) over 100 optimization steps.

The controller systematically explored the five-dimensional
parameter space, improving the RMS reward from —0.55
to —0.28. The GP-MPC controller required fewer than 20
optimization steps to achieve a setting comparable to the
manually tuned operational state and fewer than 60 steps
to surpass it, confirming the approach’s viability for online
deployment.

SUMMARY AND OUTLOOK

This paper demonstrates GP-MPC for multi-turn injec-
tion optimization at SIS18. The approach converges within
~300 interactions, remains robust across 30 noise condi-
tions (particle and emittance noise up to 8 % and 10 %, re-
spectively), and generalizes to realistic measurement-based
TK beam currents. The richer 4D observation yields faster
convergence (11.4 + 2.5 steps/episode) than the reduced
2D case (17.5 + 3.2 steps/episode), attributed to reduced
state aliasing in the GP transition model. The first real-
machine deployment at GSI confirms viability for online
operation. Future work includes systematic comparison with
BOBYQA, sim-to-real transfer via the Xsuite model, integra-
tion of simulation-based GP priors, and meta-RL for rapid
adaptation.
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