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Abstract
We report on the latest developments of our end-user

application ”Device-Automator” for use in the main control
room of GSI/FAIR. Recent progress includes a Bayesian
optimizer engine ported from Python to Java in addition to
the genetic algorithm engine we applied in earlier work. The
engines were tested on the HITRAP beamline with up to
58 control parameters and the CRYRING@ESR injection
system.

INTRODUCTION
Particle accelerator operation is subject to continuous

improvement in efficiency and effectiveness, with the goal
of providing beam according to experimental requirements.
While technical performance is advanced through new phys-
ical and technical concepts, machine operation must be im-
proved by optimizing the beam provisioning processes.

Accelerator models are one important tool for minimizing
setup times if these models are well-developed and matured.
However, situations exist where well-established models are
not available (new machines, parameter drifts over time,
complex and hard-to-model subsystems. etc.) and ”manual”
tuning of the numerous accelerator parameters such as beam
orbit, tune, transport beamline elements, injection systems,
etc. – becomes one key aspect of machine operation binding
significant personnel resources. Software tools assisting
operators are therefore highly desirable. Ideally, such tools
should (a) reduce time for machine setup and tuning, (b)
reduce operator workload, and (c) achieve beam performance
at least comparable to experienced human operators. The
implementation of such tools has been facilitated by recent
advances in computer science making available ready-to-use
optimization libraries, and tailored implementations have
been used successfully for optimizing particle beams and
related sub-systems; see [1] for an overview.

This has to be framed within GSI Helmholtzentrum für
Schwerionenforschung (GSI) and its extension, the Facility
for Antiproton and Ion Research (FAIR) [2], currently under
construction [3]. While GSI currently operates “only” 5
machines, FAIR will comprise several ion sources, 10 accel-
erators or decelerators, 2 fragment separators, and numerous
experimental sites, operated as injectors to each other or
in parallel. Typical experiments last a few days and often
∗ w.geithner@gsi.de

require entirely different setups regarding ion species and
beam energy. For this future, it can be anticipated that op-
eration will become more challenging and labor-intensive,
increasing personnel workload. In addition to that, the FAIR
complex must be commissioned before operation which will
be a very time-consuming process.

The FAIR Control System (CS) built upon the CERN
control system stack, offers two approaches for setting con-
trol parameters: device level parameters (magnet currents,
voltages, etc.) can be set via the so-called JAPC API [4].
Physics-level parameters (kick angles, tunes, beam energies,
etc.) are modeled in the so-called ”LSA layer” providing a
high-level API [5]. Ideally, applications should integrate as
tightly as possible into this given environment.

In the context of this work, CRYRING@ESR and HI-
TRAP are two FAIR-associated machines already in pro-
ductive or commissioning states [6, 7], are serving as test
environments for new concepts such as optimizer tools pre-
sented here.

DEVICE-AUTOMATOR APPLICATION
In the context of GSI/FAIR, a series of machine studies

employing software optimizers based on the programming
language Python showed very promising results [8–10]. To
provide an end-user application, the beam automation tool
GeOFF, as well implemented in Python, was migrated from
CERN to the FAIR control system stack [11].

The FAIR/GSI control system software stack is imple-
mented in C++ and Java [12]. We therefore develop and
maintain an application, named ”Device-Automator”, de-
signed for use in the main control room by operators and
accelerator physicists. Device-Automator incorporates opti-
mization tools natively in Java – FAIR CS’ native language
– enabling direct integration without additional interfaces
bridging Java and Python. One key challenge in this ap-
proach is the lack of ready-to-use optimization libraries in
Java, which are abundant in Python. To address this, we im-
plemented a Bayesian optimizer, and integrated the Jenetics
genetic algorithm library [13] and the BOBYQA optimizer
available in the Apache math3 library [14].

The GUI of Device-Automator is implemented in
JavaFX 21 [15] following the standard technology stack
used for FAIR control room applications. This design choice
ensures seamless integration with existing tools and a consis-
tent user experience for personnel already trained using other
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FAIR CS applications. Device-Automator allows loading ac-
celerator parameters from a user-selected ”beam production
chain” (BPC) – a configuration defining the accelerator chain,
parameters, and timing. Users can load ”scan-templates” –
pre-configured parameter sets for scanning and observing
objectives, with each parameter individually configurable:
BPC timing, scan range, step size, data processing, etc.. Fur-
thermore, Device-Automator provides run options including
scan-process algorithms, beam instrumentation (BI) timing,
data aggregation and more.

Device-Automator uses FAIR CS’ LSA/JAPC API to send
settings to accelerator components and receive diagnostic
data. The application is modularized into Java packages:
”app” (GUI), ”services” (scan logic and optimizer integra-
tion), ”base” (common functionality), and ”db” (database
access via direct connection and devauto-rest-api).

Java Application

DEVAUTO

Server

web

device-automator-...

FESA- /
LSA Layer

FAIR Control System
Oracle Database

...-fxcomponents ...-app

...-service

...-base

...-db devauto-rest-apidevauto-rest-
api-client

application
common-utils

devauto-
optimizers

Figure 1: Architecture overview of the device-automator
application.

Recently, we enhanced Device-Automator by integrating
a database on the FAIR CS Oracle stack for storing configu-
ration parameters, scan templates, and run data for post-run
analysis.

For best maintainability, the Device-Automator Java ap-
plication is structured into 8 software packages separating
functionality (see Fig. 1). The database is isolated from
the application logic via a REST api, running on a separate
server, which also provides a newly built, user-friendly web
interface for data access and export.

DEVICE-AUTOMATOR OPTIMIZERS
Device-Automator provides several user-selectable algo-

rithms: a brute-force/grid-search (constant step width), a
genetic algorithm using the Jenetics library [13] (included
since the initial version [16]), and self-built implementations
of a Bayesian optimizer, a BOBYQA optimizer (Apache
commons.math3 [14]), and a random walk optimizer.

Experimental Results
The algorithms were tested at the HITRAP beamline and

the CRYRING@ESR injection system – two representative
optimization environments: a beamline with many free pa-
rameters, and a system with established parameters for a
variety of ion species and energies. Hitrap is a low-energy

beamline typically operated with its local ion source at repe-
tition rates of approximately 1 Hz with mostly electrostatic
elements, while CRYRING@ESR is a low energy ion stor-
age ring and synchrotron with an mix of electrostatic ele-
ments in the injection system plus magnetic elements and
more complex beam dynamics. Cryring is typically operated
at repetition rates of approximately 0.1 Hz depending on
deceleration or acceleration cycles.

Experiments at the HITRAP beamline The section of
the HITRAP beamline utilized for testing connects the local
EBIT ion source to the HITRAP cooler trap, comprising
electrostatic transport and focusing elements, one dipole
magnet, and several diagnostic devices. For our test, an
Ar16+ ion beam from the local EBIT ion source at an energy
of 5 keV/q was used. The goal of the tests was to optimize
beam transport efficiency through the beamline by varying
the electrostatic elements. A bender magnet in the beamline
(see Fig. 2) was operated at fixed current for the given ion
species and energy during all the tests.
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Figure 2: Schematic layout of the HITRAP beamline.

Three sets of tests were performed with 16, 24, and 58
parameters, respectively. The objective was to maximize
beam current on the Faraday cups labelled ”Detector 2, 3
and 8” in Fig. 2.

Figure 3 shows beam current evolution during Bayesian
(16 parameters) and genetic (58 parameters) optimization.
We found that the Bayesian optimizer is not well suited for
large parameter numbers, as performance degrades signifi-
cantly beyond ∼250 steps. Nevertheless, it repeatedly found
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16-parameter settings matching experienced human opera-
tors within 100 iterations (∼10 min).

Given enough time, the genetic optimizer significantly
exceeded human-operator results for 58 parameters, with
continued improvements observed over 5000 iterations
(∼12 hours).

Time [h]

0

2

4

6

8

R
O

I M
ea

n 
C

ur
re

nt
 [n

A
 / 

10
] Cumulative max

1000 5000 6000

0 2 4 6 8 10 12 14

Time [min]

0

1

2

3

4

5

R
O

I M
ea

n 
C

ur
re

nt
 [n

A
]

Cumulative max

30 180
0 5 10 15

Figure 3: Beam current during genetic optimization of 58
beamline parameters (upper) and Bayesian optimization of
16 beamline parameters (lower). The red line indicates the
cumulative maximum - the best value found up to that point.
The green bars indicates beam intensities achieved by human
operators. For the Bayesian optimization, reference values
for the beam current were not available.

Experiments at the CRYRING@ESR injection system
The CRYRING@ESR injection system transfers ions from
a local ion source and RFQ accelerator-injector to the syn-
chrotron ion storage ring. It comprises five electrostatic ele-
ments, several focusing magnets, and one dipole – nineteen
parameters in total. The intensity of the eventually stored
beam was monitored via the count rate of a vertical ioniza-
tion profile monitor (IPM). The tests were performed using
an D+ beam at an injection energy of ≈300 MeV/u, with the
objective of maximizing the IPM signal by optimizing the
19 parameters.

Figure 4 shows IPM signal evolution during genetic and
BOBYQA optimization. Signal differences between runs
are due to varying upstream beamline settings. The genetic
optimizer reaches operator-comparable signals within 600
iterations (∼3.5 hours); BOBYQA achieves similar values
within ∼100 iterations (∼45 min).

CONCLUSION
Software optimizers are a valuable tool for heavy-ion ac-

celerator tuning and operation. While proven in machine
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Figure 4: Cryring injection optimization: IPM signal during
genetic (upper) and BOBYQA (lower) optimization. The
red line indicates the cumulative maximum - the best value
found up to that point. Dashed vertical lines with numbers
indicate the number of steps. Note that the differences in
signal values between runs are due to varying upstream
beamline settings, which were not optimized during these
tests. The green bars indicates the signal strengths before
the optimization.

studies via Python-based approaches, a gap exists in bring-
ing them to daily operations. Device-Automator closes this
gap by providing an operations-grade control-room applica-
tion with well-performing algorithms. Our tests show that
optimizers yield operator-comparable results when applica-
tion scenarios are carefully selected. The genetic algorithm
is well suited for unexplored settings and large parameter
spaces when sufficient time is available. For narrow parame-
ter ranges with established starting points, the Bayesian and
BOBYQA optimizers provide quick tuning support.
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