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Abstract
Reaching design performance in modern particle accel-

erators is a challenge involving many tasks which are time-
consuming and difficult to perform. It is always an advantage
to be able to simplify high-level operational tasks and mea-
surements through the assistance of optimization techniques.
In this work we applied Bayesian optimization via the XOpt
framework with the aim to simplify and enhance the oper-
ations in the MAX IV linac. The focus of this work has
been longitudinal phase-space optimization using signals
from a transverse deflector system. Further, a new approach
in the optimization of longitudinal phase-space parameters
with the use of virtual diagnostics has been developed and
implemented.

INTRODUCTION
Within modern accelerators there is a growing need for

precise control of both transverse and longitudinal beam pa-
rameters. With linear electron accelerators providing beam
for light sources requiring femtosecond resolution, the lon-
gitudinal phase space (LPS) of the generated beams is of
particular importance, as it directly influences the brightness
and stability of the resulting photon beams [1]. Achieving
and maintaining the key parameters in the LPS of the elec-
tron beam is a key issue in such instances.

At MAX IV the linac serves as a full energy injector to
two storage rings, at 1.5 and 3 GeV, and also delivers beam
for a short pulse facility (SPF) when not injecting to the
rings [2]. The SPF houses two separate beamlines, one
experimental beamline for light production, and a diagnos-
tic beamline with a transverse deflecting structure (TDS)
setup for measuring the beam LPS [3]. The complexity and
practicalities of operating the TDS, along with the coupled
parameter space and non-linear controls, can make manual
tuning of the beam LPS both time-consuming and intrusive
to user activities in the experimental beamline. Automated
optimization could alleviate many of these issues and enable
more efficient, simplified operation of the linac as a whole.
In this work we have implemented and tested Bayesian opti-
mization techniques for LPS control in the MAX IV linac,
both with integration in the TDS diagnostic system and using
a virtual diagnostic as an alternative, non-invasive evaluator
of the beam LPS [4–6].

MAX IV Longitudinal Phase Space Control and
Diagnostics

The longitudinal phase space of the beam is defined as
its extent in the (𝑡, 𝛿) space, with 𝛿 =

Δ𝑝

𝑝
being the rela-
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tive deviation in energy. Direct measurement of the LPS at
MAX IV is performed using the TDS system installed at the
end of the linac [3]. The key components of the diagnostic
system are two 3 m radio-frequency (RF) structures set up
to deflect the beam onto a scintillating YAG screen 20 m
downstream. This screen is set up in a dispersive region,
thus also enabling the extraction of the beam distribution
in 𝛿. While this diagnostic system provides detailed LPS
information for automatic optimization, it is also invasive
and difficult to operate, providing a use case for the virtual
diagnostic covered in a later section.

LPS control in the MAX IV linac is achieved with two sep-
arate stages of bunch compression, using an arc-like bunch
compression scheme [7]. The principal controlling beam
parameter of the compression is the energy chirp of the in-
coming beam, i.e. the linear correlation between the relative
energy deviation and the longitudinal position within the
electron bunch. The energy chirp results in longitudinal com-
pression when moving through the bunch compressor arc
as the transfer elements of 𝑅56 and 𝑇566 result in an energy
dependent shift in the longitudinal positions. The energy
chirp in the incoming beam is controlled using the off-crest
phase of the accelerating RF fields experienced by the beam.
This phase is in turn controlled through the filltime in the
SLED units providing RF to the accelerating structures, as a
feedback system acting on the RF phase will maintain the
design energy for the bunch compressors [8]. To control
beam compression, one provides a new setpoint in SLED
filltime, and as the RF phase is changed by the feedback,
the beam will enter the compressor with a different energy
chirp.

Bayesian Optimization
Bayesian optimization (BO) is an efficient and effective

way of optimizing environments which are expensive to
query and have noisy or difficult objectives [9–11]. BO
relies on a live probabilistic modeling of the environment,
allowing it to set up an approximate model of the system’s re-
sponse to parameter changes. To tune the response model an
acquisition function decides the selection of new evaluation
points and the model is recalculated with these new points
added. In order to thoroughly optimize the environment, it
is key that the acquisition function achieves a balance be-
tween exploration of unexplored areas and exploitation of
the model to reach the highest performance. For this project,
the upper confidence bound acquisition function was used
in all cases shown [12].

Optimization of the electron beam LPS is a clear use-case
for BO. Querying the environment, i.e. performing a full
TDS measurement, is expensive and time consuming, and



the response is often non-linear and complex, depending on
which aspect of the LPS one seeks to optimize. The BO
integration into accelerator systems is an ongoing field of de-
velopment. For the applications in this study, the XOpt [13]
framework was used to set up the basic BO components
(i.e., the surrogate model of the response and the acquisition
function), while the evaluation of new TDS measurements
(taking a set of TDS images and extracting FWHM in each
projection) and execution of new acquisition steps (writing
new SLED filltimes to the relevant accelerating sections and
allowing feedbacks to adjust the machine) was integrated
with the accelerator using PyTango. This full system was
integrated and tested on the MAX IV linac with optimiza-
tions of FWHM bunch length, energy spread, and the sum of
the two. A novel approach to the evaluation was also added,
leveraging a virtual diagnostic to non-destructively evaluate
the relevant LPS parameters.

Virtual Diagnostics
To achieve fully non-invasive, online optimization of the

LPS of the beam, a virtual diagnostic (VD) system was set up
for the optimizing agent to evaluate instead of the real TDS
measurement. This was done by training an artificial neural
network to learn the mapping between 65 different machine
parameters and the resulting LPS. The machine parameters
and non-destructive diagnostic readings used as input for the
VD included the SLED filltimes used in the optimizer, as
well as RF phases and amplitudes, BPM readings, current
transformer signals and an amplitude reading from a horn
antenna. Parameter scans of the optimizer parameters were
done, scanning filltimes in the accelerating sections before
each of the two bunch compressors. In total, a dataset of
1400 images was collected, along with the relevant input vec-
tors to train the network on. The network was set up using
TensorFlow and consisted of two 64-node dense layers fol-
lowed by three layers of convolutional neural networks [14,
15]. Training was done using the ADAM optimizer, and
leveraged a scheduled learning rate and early stopping of
training to avoid overfitting [16]. As a final metric of perfor-
mance, predicted and measured images were compared in
terms of coefficient of determination, 𝑅2.

With the VD trained and validated, it could be imple-
mented in the optimization loop in place of the TDS mea-
surements. Following the same optimization procedures as
for measurements, the VD was used in optimizing FWHM
bunch length and energy spread, as well as the sum of the
FWHM in both projections. The evaluation procedure now
consisted of collecting the relevant non-destructive diagnos-
tics used in setting up the network, normalizing their values
and feeding into to the pre-trained network. With all of
this in place, live optimization on a VD proved efficient and
reliable.

IMPLEMENTATION AND RESULTS
The results of this study are largely divided into three

subsections: The LPS optimization directly using the TDS
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Figure 1: Optimization runs on LPS parameters using the
TDS measurements, optimizing on bunch length (𝜎𝑠), en-
ergy spread (𝜎𝛿) and the sum of the two. The dashed line
indicates the minimum parameter value encountered during
the optimization.

measurement as evaluator, the results of the VD training,
and finally the results from LPS optimization using the VD
as evaluator.

TDS Optimization
Three parameters had been selected for a test case of

LPS optimization, the longitudinal FWHM of the bunch
𝜎𝑠 , the FWHM energy spread 𝜎𝛿 and the sum of these two
parameters. This was done in three consecutive optimization
runs, the results of which are presented in Fig. 1, with error
bars representing ±1𝜎 of 10 acquisitions performed in each
optimization step. We can see how the optimizer improves
each parameter in a few steps, and the minimum encountered
during the optimization run is shown in each plot. It should
be noted that this minimum is not necessarily the optimum
according to the BO procedure, but it always found to be
close to the minimum during data collection.

VD Training
With the initial success in optimizing on LPS with the

TDS as evaluator, a VD was set up to predict the TDS im-
ages. The result of this procedure is summarized in Fig. 2,
here showing the performance of the VD on 10% of the
collected data isolated before training the model, i.e. on a
so called test dataset. In Fig. 2a we can see a few examples
of predictions of the LPS alongside corresponding measure-
ments, chosen based on extreme points in FWHM bunch
length. In Fig. 2b a histogram of the 𝑅2 performance across
the dataset is shown, with lines demarcating the cases shown
in Fig. 2a. We can see the model achieves a median 𝑅2

of nearly 90%. For a more interpretable numeric measure
of performance, Fig. 2c shows a correlation plot of the pre-
dicted and measured FWHM bunch length 𝜎𝑠 , with the cases
shown in Fig. 2a marked in the corresponding colors. There
is a clear correlation between measured and predicted bunch
lengths, and we can extract a Pearson correlation coefficient
of 93.8%.
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Figure 2: Results from the VD LPS predictions. Figure (a) shows examples of the VD predictions along with the
corresponding measured images, sorted from top to bottom by FWHM bunch length. Figure (b) shows a histogram of the
𝑅2 performance, with the performance in the shown cases highlighted. Figure (c) shows a correlation plot of FWHM bunch
length from the VD predictions and the measurements, with the shown cases highlighted.

VD Optimization
With a VD set up and performing to a satisfactory degree,

the final implementation into the BO loop, with the VD
acting as evaluator, could be performed. The results from
three such VD optimization campaigns are shown in Fig. 3,
optimizing on the longitudinal FWHM of the bunch 𝜎𝑠,
the FWHM energy spread 𝜎𝛿 and the sum of these two
parameters. Error bars in the results represent ±1𝜎 of 5
acquisitions done in each step. Along with the parameters
as extracted from the VD LPS prediction, in each case the
parameters from the live TDS measurement are also shown.
For this comparison, the parameters are also normalized to
unity, as some offset was present from differences in the
image pipeline. One can see how the VD and TDS cases in
each parameter overlap, suggesting the VD performs well
using online data for the predictions. One can also see the
VD optimizations reach comparable minimum parameters
as shown in the real TDS optimizations in Fig. 1.

It should be noted that the optimization campaigns were
performed approximately 24 h after the VD data collection
and training. Although the machine was returned to similar
operating conditions, the satisfactory performance achieved
using the day-old VD further demonstrates the method’s
robustness and resilience to drifts in the machine state.

CONCLUSION AND OUTLOOK
A successful integration of Bayesian optimization for LPS

control has been implemented in the MAX IV linac. Us-
ing the XOpt framework to provide the BO algorithms and
PyTango for control system integration, an automated opti-
mization procedure for key LPS parameters has been imple-
mented. The optimization was tested on live TDS measure-
ments, minimizing the parameters of FWHM bunch length
and energy spread, as well as the sum of the two, showing
that the BO implementation worked fully in the control room
to provide new working points. Going further, to enable non-
invasive operation of the optimizer, a virtual diagnostic was
setup and trained to predict the TDS images based on non-
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Figure 3: Optimization runs on the virtual diagnostic signal,
optimizing on bunch length (𝜎𝑠), energy spread (𝜎𝛿) and
the sum of the two. Also shown is the relevant parameters
as measured simultaneously using the TDS, along with a
dashed line indicating the minimum value encountered dur-
ing the optimization.

destructive beam measurements and machine parameters.
This VD achieved high performance in terms of 𝑅2 and
correlation with measurements in terms of FWHM bunch
length. When deployed inside the optimizer, the VD repro-
duced the optima observed with real TDS measurements,
demonstrating that reliable online optimization could be
achieved without interrupting user operation. While future
work should be done to implement control of higher-order
parameters such as energy chirp and slice emittance, and
further testing of the reliability of VDs is required, these
early results indicate that BO combined with virtual diag-
nostics provides a novel and powerful tool for automated
beam tuning and control.
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