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Abstract
Particle accelerators require adjustment of system settings to control the final electron beam characteristics for different applications. At present, this optimization
process is often done manually by human operators by visual inspection. Electron
beam transport can involve collective effects, making their control not intuitive for
human operators. In addition, accelerators are often outfitted with image-based
beam measurements that can be challenging to incorporate directly into online
optimization algorithms. In this paper, we introduce an online optimization method
that directly incorporates images of the electron beam as well as a desired target
distribution into a metric in order to automatically shape the beam towards the
target distribution. We compare various metrics quantifying the distance between
the measured and desired distributions and employ one to guide the beam shaping
via Bayesian optimization.
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Introduction

Particle accelerators require adjustment of system settings to control the final electron beam characteristics for different applications. At present, this optimization process is often done manually
by human operators by visual inspection. Electron beam transport can involve collective effects,
making their control not intuitive for human operators. In addition, accelerators are often outfitted
with image-based beam measurements that can be challenging to incorporate directly into online
optimization algorithms.
Previous work has used Bayesian optimization with Gaussian Processes to control scalar output
variables for linear accelerators [1] and storage rings [2]. In addition, preliminary studies have
examined the use of neural networks to provide suggested initial settings for target beam images
[3]. In that case, previously-recorded data was used to train the neural network, and so it is limited
to setups or parameter spaces which were previously explored. On its own, it is also not suitable
for fine-tuning of new setups or compensating for changes in the machine response over time. A
different approach is needed to address the problem of algorithmically setting up a new beam shape in
a previously unexplored region of the parameter space. This is particularly important for accelerators
that regularly must accommodate new beam shape requests (e.g. [4, 5, 6, 7, 8]), where data will only
be incrementally available as the search is conducted.
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In this paper, we introduce an online optimization method that directly incorporates images of the
electron beam as well as a desired target distribution into a metric in order to automatically shape the
beam towards the target distribution. We compare various metrics quantifying the distance between
the measured and desired distributions and employ one to guide the beam shaping via Bayesian
optimization.
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2.1

Method
Metrics for comparing the distributions

There are multiple metrics for comparing the simlarity of the two distributions. The straightforward
one is the root mean square error (RMSE) which calculate the mean error of each point of the distribution. f -divergences such as Kullback–Leibler divergence (KL) and Jensen–Shannon divergence (JS)
are widely used on probability and machine learning study to compare two probability distribution.
Another class of metrics calculate the "energy" difference of two distributions, such as the energy
distance and earth mover’s distance (EMD, or Wasserstein distance), which are related to the "energy"
needed to transform one distribution into the other.
Although all these metrics measure the differences between two distributions, they have different
features that are suitable for different situations. As an example, in Fig. 1 we calculated the EMD,
RMSE and KL of two normal distributions displaced relative to each other. All of three metrics
reach a minimum when the two distributions are overlapped. When the offset increases and the two
distributions become disjoint, RMSE and KL become constant while EMD continues to grow. This
property has made the EMD metric useful for training generative adversarial networks[9] which
necessarily compare low dimensional distributions embedded within high dimensional spaces.

Figure 1: Comparing metrics for two normal distributions as one is displaced relative to the other.
Here, EMD is the earth mover’s distance, RMSE is the root mean square error, and KL is the
Kullback–Leibler Divergence.

2.2

Bayesian optimization

We use Bayesian optimization to control the parameters of the physical system in order to minimize
the difference between the target and measured distributions. In Bayesian optimization, at each
iteration a probabilistic surrogate model is used in conjunction with an acquisition function to select
the next point to sample [10, 11]. The model is updated with new data as the space is searched. The
acquisition function enables the trade-off between exploration of the space and exploitation of learned
information to be balanced during the search. The Gaussian Process (GP) is an appealing choice for a
surrogate model because it produces uncertainty estimates and can provide reliable predictions in the
low-data regime (which is ideal for online training). The metrics quantifying the difference between
distributions described below are roughly parabolic in shape for deviations from their optima. We
negate and exponentiate these metrics to create targets which are roughly Gaussian shaped. In this
work, we use a radial basis function (RBF) with automatic relevance determination plus white noise
as our kernel to model the resultant objective. In the absence of prior data, we optimize the selection
of kernel hyperparameters at each step by maximizing the GP marginal likelihood.
2

3

Physical system

In this work we use a simplified particle simulation of optical compression for enhanced self amplified
spontaneous emission FEL(Free Electron Lasers) scheme [12] as an example, in which case the
2D longitudinal phase space (time vs. energy) of electron beam can be manipulated by controlling
the collective force on the beam via laser modulation, compression, and drift. Electrons uniformly
distributed in the time (Fig. 2(a)) first go through an energy modulator (Fig. 2(b)), which introduces a
periodic energy modulation and varies the mean energy along the electron bunch. A compression
section (Fig. 2(c)) turns the energy modulation into a density or current modulation and changes
the time duration of the electron bunch (FWHM current). Finally, a space charge drift (Fig. 2(d))
allows the collective effects within the beam to further modify the 2D phase space distribution.
The longitudinal space charge force is proportional to the derivative of the current distribution and
increases the energy spread of the beam as it drifts in free space.

Figure 2: Physics system. The upper figure shows the physics model we used for the optical
compression simulation [12]. The longitudinal phase space of initial electron beam (a) is manipulated
via energy modulation (b), compression (c), and space charge drift (d).
The amplitude, period and phase of the energy modulation, the mean and rms beam energy, the
compression factor and the length of the space charge drift serve as the input features for the Bayesian
optimizer. The goal is to minimize the difference between the target 2D distribution and the simulated
final phase space. The target distribution can be abstract and not existent in the solution set of the
physics model. It can be in an ideal shape that reflects the main features people desire. In this work we
focus on creating a "spike" in the phase space, which is represented by a beam distributed uniformly
in a rectangular area, with constrained length in time and extended in energy (blue areas in Fig. 3(b)).
3.1

Comparing the metrics

The metric that compares the differences of the simulated distribution from the ideal target can be
essential for the success of the optimization. As discussed in Section 2 it should have a minimum
where the two distributions are the same, and should continuously increase for smooth transforms of
the distribution from the goal. Second it should be able to provide effective information even when
the two distributions are totally disjoint. For these reasons we choose EMD as our metric.
Another complication for this particular case is that there is a local minimum when the simulation
produces multiple spikes while targeting a single spike. As shown in Fig. 3(a), when the energy
modulation period approaches zero, both EMD (yellow line) and KL divergence (green line) show a
deep local minimum. This can be problematic because it can takes numerous random steps during
the optimization to get out of the local minimum and thus slow down the optimization process. In
order to improve the performance, we calculate the KL divergence in k space (e.g. between the
power spectral density or square magnitude of the 2D Fourier transform of the two distributions)
and multiply the KL divergence with EMD in real space as a combined metric, as shown by the
blue line in Fig. 3(a). We use KL-divergence in k space because it is more computationally efficient
compared with EMD and displacement is no longer a problem in k space since the spectral density is
always centered at the origin point. The product allows us to avoid scaling each metric so that one
3

Figure 3: Comparison between metrics. (a) KL divergence of distributions in phase space (green),
EMD (orange) and combined metric (blue) as a function of energy modulation period. Here the
metrics are scaled such that all of them lies in (0,1). S and T are the simulated and target phase space
e Te are their Fourier transform. (b) The simulated phase space (red) and the target
respectively and S,
(blue) when energy modulation period is small (period=1). (c) The simulated phase space (red) and
the target (blue) when energy modulation period is large (period=7).
doesn’t dominate the other and we can be assured that neither will be zero since the target is not a
valid solution in this case. The high frequency components of multiple spikes leads to a large KL
divergence and therefore the effect of the local minimum is mitigated.
3.2

Automatic beam shaping tests

Figure 4: (a) Comparison of optimization with EMD (blue) and combined metric (orange). S and
e Te are their Fourier transform. A is
T are the simulated and target phase space respectively and S,
a scaling factor such that those two metrics are comparable (b) One example of simulated phase
space(red) and target(blue) at the beginning of the optimization. (c) One example of simulated phase
space(red) and target(blue) at the end of the optimization.
We tested the described shaping method by calculating the EMD with POT [13], the KL divergence
with SciPy [14], and preforming the Gaussian process regression with scikit-learn [15]. Fig. 4 shows
the results of Bayesian optimization with EMD and the combined metric. Figure 4a shows the
presented metrics are averaged over 10 runs. With the combined metric, the algorithm generally
produces a single spike after 60 steps. As comparison, the EMD metric converges more slowly due
the effects of the local minimum. Additionally for the runs without the spectral comparison, we
occasionally observe multiple spikes. This is not observed when the spectra of the distributions are
compared as well.
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Conclusion

We frame the problem of beam shaping as an optimization problem, and use Bayesian optimization
with a distance metric between measured and target distributions as an objective. We find that the
earth mover distance in conjunction with the KL divergence of the spectra of the measured and target
distributions to be most robust for this beam shaping task. This proof of principle demonstration here
controls a simplified beam model neglecting transverse effects. Initial studies using this technique
with higher fidelity simulations and different shaping mechanisms are promising but require more
work. For example, constraints of the system may make it impractical to place a current spike
anywhere on the beam, yet by comparing the power spectral densities of the observed and target
4

current distributions or their autocorrelations would allow solutions with a spike imprinted anywhere
on the beam.
The lasing medium of a X-ray free-electron laser (XFEL) is an electron beam allowing control of the
produced X-ray pulse via control of the energy and current of the electron beam. Other applications
may be targeting the measured properties of the produced X-ray pulses such as the measured spectrum.
As the number of XFEL schemes based on beam shaping proliferate [4, 5, 6, 7, 8] and the number of
concurrent operating beamlines multiplies at LCLS-II [16], the need increases for more automatic
tools to assist experimental setups. Whereas existing methods for setup require visual inspection [17]
or previously measured setups [3], the approach in this study may enable faster initial control and
discovery of new setups.

Broader Impact
Modern scientific facilities often involve complicated operations and the optimization of such facilities
requires experienced operators and can take up a large amount of research time. Moreover, the highdimensional parameter space and complicated collective effects can make the control not intuitive for
human operators. In this paper, we introduce an online optimization method that directly incorporates
images-based target into a metric which can enable automatic phase space shaping of electron
beam in particle accelerators. This approach can be applicable in a wide range of research areas to
improve efficiency of research activities and boost the discovery of new experimental setups. Possible
applications exist in a number of beam shaping based XFEL experiments [4, 5, 6, 7, 8, 18, 19] and
the multiple concurrent operating beamlines at LCLS-II [16], where it can work as a automatic tools
to assist setups. The algorithmic beam shaping can also play an important role in the study of extreme
compact high energy accelerators for which a ramped drive beam can increase transformer ratio
in plasma acceleration[20]. More potential applications may be explored shaping the specturm for
XFEL and HHG[21]. Failure of the system can possibly lead to slower tuning and failure to find a
desired phase space. In this paper the data are based on simulation, while real measurements of the
phase space may be resolution limited to few femtoseconds due to finite beam size. Negative ethical
or societal impacts are not applicable for this paper.
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