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Abstract

Particle accelerators are complex machines that are able to accelerate charged par-
ticles, therefore creating a particle beam. The key task for accelerator operators is
to configure the accelerator design parameters to get the desired characteristics of
the beam. One of the ways to improve the configuration procedure is to gain infor-
mation about the beam at different positions throughout the beam-line. In real-life
application this approach is slow and technically difficult, therefore it is unpractical.
In this project we investigate, how can we use supervised machine learning to gain
information about the beam throughout the beam-line. Firstly, we used a supervised
deep neural network to predict the beam characteristics at the end of the beamline.
Secondly, using deep neural networks we were able to reconstruct the beam profile
and the particle phase space at arbitrary positions in the beam-line.
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1 Introduction

Particle accelerators are a machines, that have been widely used to in explore
fundamental physics (ATLAS experiment at CERN [1]), medicine (proton therapy,
for an overview see [2]) and other fields. They are able to provide a beam of acceler-
ated charged particles, which are usually directed at the object of interest (human
organs, fundamental particles, etc.). By using the deflected particle trajectories and
momenta, it is possible to gain information about the object of interest. One of the
key requirements for these experiments is to have a precisely defined beam.
The characteristics of the beam are controlled by the physical components of the
accelerator, the geometry and the tunable design variables, such as the electrical
current in the magnets, the frequency of the pulse, the number of particles in a
batch and others. Testing different configurations of the design variables to get the
desired beam characterstics is a slow and expensive process in real-life application.
Therefore there is a need for a simulation tool or a surrogate machine learning model
in order to make this process more effective.
Simulation tool is a physics informed mathematical model that is able to simulate
the quantities of interest of the particle beam using the design parameters of the
accelerator. These tools allow to accurately evaluate the physical attributes of the
beam, but they are usually slow and have a limited range of objectives, which can
be calculated. A machine learning surrogate model can be used to simulate wider
range of objectives and to achieve speedup in comparison to the simulation tool.
The surrogate model uses data generated by the simulation tool (or could use ex-
perimental data) for training. Therefore, a surrogate model can be built, when one
has an experimentally tested, accurate simulation tool.
We used an open-source Object Oriented Parallel Accelerator Library OPAL [3] as
a simulation tool to model a linear accelerator. The accelerator design is based on
the Argonne Wakefield Accelerator AWA [4] located at the Argonne National Lab-
oratory. OPAL was used to generate the dataset for the machine algorithm. More
importantly, it is shown that OPAL was able to accurately simulate the experiments
that have been done in the AWA, therefore we trust that simulated data corresponds
well to the real-life experimental data.
For the surrogate models we used supervised and deep neural networks. The rapid
development in the machine learning field provides a wide range of applications to
particle accelerators. In this project we chose two objectives. First is for ML algo-
rithm to predict the characteristics of the beam at a fixed location in the beam-line.
A similar research was already done by Bellotti et al. [5], where they used invertible

https://gitlab.psi.ch/OPAL/src/-/wikis/home
https://www.anl.gov/awa
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deep neural networks to predict the characteristics of the beam at arbitrary positions
in the accelerator. Our objective is to use our dataset and a different neural net-
work architecture to reproduce their results, therefore confirming that our dataset
and techniques are valid. The second goal is to reconstruct the beam profile and the
phase space at arbitrary positions in the beam-line. This would help the accelerator
designing procedure, by providing insight about the beam at arbitrary positions in
the beam-line.

2 Methods

2.1 Argonne Wakefield Accelerator

The techniques described in this project can be used for various particle accelera-
tors, but we narrowed our research to a linear wake-field electron accelerator. An
example of such accelerator, on which we focus our models, is the Argonne Wakefield
Accelerator located in the Argonne National Laboratory. The main components of
the AWA are electron gun, radio-frequency cavities for accelerating electrons and
magnets to keep the beam focused.

Figure 1: The Argonne Wakefield Accelerator (see [4]).

In order to control characteristics of the electron beam the accelerator engi-
neers tune the accelerator design variables. We chose a subset of all possible design
variables to restrict our search space:
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1. λ – peak to peak distance between Gaussian particle bunches generated by
electron gun,

2. ϕ – electron gun phase,

3. Q – electron gun charge,

4. SIGXY – laser spot size,

5. IBF – electrical current in the buck focusing magnets,

6. IM – electrical current in the matching solenoids,

7. ILS1 – electrical current in first solenoid magnet,

8. ILS2 – electrical current in second solenoid magnet,

9. ILS3 – electrical current in third solenoid magnet.

So we have 9 design variables X ∈ R9 defining the configuration of the accelerator.

Bound IBF[A] IM[A] ϕ[◦] ILS1[A] ILS2[A] ILS3[A] Q[nC] λ[ps] SIGXY[mm]
Lower 450 100 -50 0 0 0 0.3 0.3 1.5
Upper 550 260 10 250 200 200 5 2 12.5

Table 1: The design variables and their ranges. The design variable ranges are
taken from [5].

2.2 OPAL simulation

The AWA accelerator has been successfully modeled with the OPAL simulation
tool. OPAL (Object Oriented Parallel Accelerator Library see [3]) is a parallel open
source tool for charged-particle optics in linear accelerators and rings (see wiki for
more information). Using OPAL we generated the dataset used for neural networks
training and testing.
As input parameters for the simulation we used random combinations of the design
variables described in section 2.1. We were interested in 2 different types of outputs
from the simulation:

• Quantities of interest (QoI) describe the electron beam physical properties:

1. transversal root mean squared beam sizes σx, σy,

2. transversal normalized emittances ϵx, ϵy,

https://gitlab.psi.ch/OPAL/src/-/wikis/home
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Figure 2: A schematic drawing of the AWA beamline.

3. mean bunch energy E,

4. energy spread of the beam ∆E,

5. correlations between transversal position and momentum Corr(x, px),
Corr(x, px).

• The beam profile and the phase space of the particle bunches at different
locations in the beamline captured by 4 YAG screens at different positions
throughout the accelerator.

Figure 3: Example of beam profile and the phase space of the particles captured
by one of the YAG screens.

Therefore using OPAL we generated the chosen outputs, which are quantities of
interest Y ∈ R8, beam profile and the x− px, y − py phase space slices.

2.3 Data generation and processing

We generated 18.7k samples using OPAL for neural network training and testing.
Each sample consisted of:

1. Design variables X ∈ R9.

2. Quantities of interest Y ∈ R8.



6 2.4 Quantities of interest prediction techniques

3. Phase space data and beam profile captured by 4 YAG screens at different
positions throughout the beam-line.

In order to prepare the data for neural networks we normalized the design variables
and quantities of interest using min-max normalization:

xnorm =
x− xmin

xmax − xmin

(1)

In order to efficiently use the beam profile and phase space data captured by the 4
YAG screens, we transformed the data into images. This way we can take advantage
of the image processing machine learning techniques. We followed the procedure:

1. We began with the data generated by OPAL, which has the size:
(number of YAG screens, dim(phase space), number of particles) = (4, 6, 20000),

2. Removed the longitudinal z and pz components, because in real-life application
only the transversal components of the beam can be measured. Therefore the
data size changes: (4, 6, 20000) → (4, 4, 20000)

3. Chose to use x−y, x−px and y−py phase space for training neural networks,

4. Transformed beam profile and phase space into images. Coordinates were
determined by the variables (example x and y or x and px) and the intensity
by the number of particles in a bin (4, 4, 20000) → (4, 3, 256, 256).

2.4 Quantities of interest prediction techniques

The first goal of this project was to use the design variables of the accelerator and
the data captures by the YAG screens (see section 2.1) to predict the quantities of
interest (see section 2.2) of the beam using supervised learning. This was already
attempted by using densely connected invertible networks [5], so our goal here is to
improve or reproduce the previous results. This would allow to verify the validity
of the our dataset, methods, techniques, before moving towards more complicated
neural network applications. Important to note that authors were able to predict the
quantities of interest at any position throughout the beamline, while our approach
is able to predict the quantities of interest only at a fixed positions in the beamline.
We used two neural network architectures. The first one is a straightforward multi-
layer percepton neural network with 4 hidden layers (see figure 4).

The second architecture combines the data captured by the YAG screens and
design variables to predict the quantitites of interest. Using convolutional neural
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Figure 4: Fully connected multi layer percepton (MLP) neural network.

networks (CNN) [6] and a hidden layer we are able to compress the dimension of
the beam profile or phase space images to a vector in the latent space, which has
the same dimension size as the design variables X ∈ R9. Then we concatenate the
latent vector and the design variables into a single vector, which has the dimension
R18. It is important to renormalize the latent vector before the combining. Finally,
we use a similar MLP (see figure 4) with the combined vector to get the quantities
of interest.

 

MLP 

 

 

CNN

Figure 5: Deep neural network composed of CNN and MLP for quantities of
interest prediction.

Finally, we can choose, which images we use to train the described neural network.
We chose the data captured by the last YAG screen in the beamline. Particularly,
we trained and tested the network using the beam profile (denoted MLP+xyCNN)
and the x− px phase space (denoted MLP+xpxCNN).
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Both of the networks were trained for 60 epochs, used mean squared error (MSE)
loss function with Adam[7] optimizer. See section 3.1 for results.

2.5 Beam profile and phase space reconstruction techniques

In order to reconstruct the beam profile or the phase space at arbitrary positions
in the beamline, we use a neural network architecture based on the autoencoder
architecture.
On a high level, the network encodes the beam profile captured by the last YAG
screen in the beam-line into the latent space. Then it concatenates the encoded
vector with the position, where we want to reconstruct the beam profile or phase
space. Optionally we can also concatenate with the design variables. The concate-
nated vector is then decoded into a reconstructed image, which we compare to the
an image simulated by OPAL.
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Figure 6: Architecture of the autoencoder based neural network for beam profile
or phase space reconstruction.

In more detail, the training epoch follows the procedure:

1. Input the beam profile from the last YAG screen in the beam-line (11.48m in
our case).

2. Encode using an encoder network into a latent vector of R9.

3. Normalize latent vector between 0 and 1
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4. Concatenate the latent vector with normalized position of the YAG screen, at
which we want to reconstruct the beam profile or phase space image. Because
we have simulated images at 4 distinct positions (see figure 2), we want to
reconstruct the images at the positions of simulated YAG screens, so that we
can evaluate the MSE loss. Optionally, we can also concatenate with design
variables.

5. Reconstruct the image at 11.48m and calculate the loss between the simulated
and reconstructed image. Take an optimization step.

6. Repeat with reconstruction at 8.76m.

7. Repeat with reconstruction at 6.38m.

8. Repeat with reconstruction at 3.1m.

9. Randomly pick a new data sample and go to 1.

2.6 Implementation and set-up

The dataset was generated using OPAL. The neural networks were implemented
in Python using Pytorch[8] and TensorFlow [9] (Tensorflow was only used for the
simple MLP model in quantities of interest prediction). The networks were trained
for 60 epochs and training time per network was 6 hours or less.
The neural networks were trained on a GPUs with HPC cluster Merlin located at
PSI. The data generation was also done with Merlin, but using CPUs.
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3 Results

3.1 Quantities of interest prediction results

In order to predict the quantities of interest we used neural networks with 2 distinct
architectures (see figures 4 and 5). We tried using the beam profile (MLP + xyCNN)
and phase space (MLP + xpxCNN) as input for CNN and MLP combined neural
network. Finally we compared the resulting R̄2 values with the invertible neural
network[5] results.

E ∆E σx σy ϵx ϵy Corr(x, px) Corr(y, py)

MLP 0.99 0.94 0.97 0.97 0.96 0.96 0.98 0.98
MLP+xyCNN 0.997 0.965 0.997 0.997 0.993 0.993 0.990 0.989
MLP+xpxCNN 0.998 0.992 0.998 0.998 0.976 0.975 0.986 0.991
Invertible 0.97 0.97 0.99 - 0.19 - 0.93 -

Table 2: R̄2 values for all QoI predicted by neural networks. The - values were not
presented in [5], but it was stated that they are similar to corresponding x quantities.

Note that invertible neural networks are able to predict the quantities of interest
at arbitrary positions in the beamline, while the remaining models can predict only
at a fixed position (we chose this position to be the end of the beamline). Therefore
the absolute values should not be compared to deduce, which model is better.
Observing the high R̄2 values, we can state the all proposed networks can accurately
predict the quantities of interest. This was expected due to the previous results of
the invertible model.
Quantities of interest prediction was not the main focus of this research, but it
allowed us to check the validity of the dataset and the used techniques. Most
importantly, we were able to notice that adding the YAG screen data improves the
performance of the neural networks. This is an important prerequisite before trying
to use more complicated networks with this dataset.

3.2 Beam profile and phase space reconstruction results

Having researched a wide range of neural network architectures, we picked an au-
toencoder based neural network. While tuning the hyperparameters of the network
we found that the most important network design parameter is the size of the latent
vector to which we compress the image from the YAG screen. We found the that
optimal dimension is 16.
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During testing of presented autoencoder based neural networks the input is always
the beam profile captured at the last YAG screen in the beamline (11.48m) and
the position at which we want to reconstruct the image. Additionaly, we can choose
whether we want to use the accelerator design variables. The output of the network
is the desired reconstruction at the chosen position.
As a first example of the neural network performance we reconstructed the beam
profile at YAG screen positions:

Figure 7: Beam profile reconstructions at YAG screens positions. The side plots
are beam intensities. Blue line is the intensity of the simulated beam profile, and
red line is the intensity of the reconstructed beam profile.

First we notice that the reconstructed beam profile is similar the original beam
profile, although the internal structure of the beam profile is not reconstructed well.
The reconstructed width of the beam profile matches original, except for the recon-
struction at 3.1m. We also see that the intensity of at the 6.38m and 3.1m does not
match the original intensity.
Next we test the same beam profile reconstruction, but this time we add the acceler-
ator design variables. Naturally, we expect that the reconstruction accuracy would
increase (see figure 8).

We noticed that adding the design variables improves the beam profile recon-
struction. The beam width of the reconstructed images match the original width of
the beam to a high precision. The reconstructed internal structure of the beam also
matches the original better. Only the intensity of the reconstructions differs from
the original.
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Figure 8: Beam profile reconstructions at YAG screen positions. The side plots
are beam intensities. Blue line is the intensity of the simulated beam profile and red
line is the intensity of the reconstructed beam profile.

Having had success with reconstructing the beam profile, we try to reconstruct the
phase space at YAG screen positions using the beam profile captured at the last
YAG screen and the design variables. We begin with the reconstruction of x - px

phase space (see figure 9).
Again we see that the shape of the reconstructed x - px phase space closely

matches the original, although we can see more fluctuations. The intensity from the
reconstructed images does not match the intensity from the originals.
We repeat the process with y - py phase space (see figure 10). As before, the
reconstruction phase space closely matches the original, but the intensity does not.
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Figure 9: x - px phase space reconstructions at YAG screen positions. The side
plots are intensities. Blue line is the intensity of the simulated phase space and red
line is the intensity of the reconstructed phase space.

Figure 10: y - py phase space reconstructions at YAG screen positions. The side
plots are intensities. Blue line is the intensity of the simulated phase space and red
line is the intensity of the reconstructed phase space.

The final test is to see, whether the proposed autoencoder based neural network
can reconstruct the beam profile at a positions, which was never used during training.
For this we trained the network to reconstruct the beam profiles at 11.48m, 8.76m
and 3.1m, therefore skipping the 6.38m. Again we present the reconstructions at
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the positions of the YAG screen (see figure 11.

Figure 11: Testing the ability of autoencoder based neural network to reconstruct
beam profile at different positions in the beamline. The side plots are intensities.
Blue line is the intensity of the simulated phase space and red line is the intensity
of the reconstructed phase space.

Comparing the reconstructions and the originals, we can state that the network
is able to generalize for arbitrary positions in the beamline. The reconstructions have
the same intensity mismatch issue, but profile shape is reconstructed extremely well.
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4 Discussion

The considered neural networks for quantities of interest prediction performed well.
Although important to note that during training the networks might get stuck in
local loss minimum, therefore to reproduce the results it is needed to train the net-
work more times. But because training time for these networks using the machines
described in section 2.6 are around an hour, this is not a problem.
The autoencoder based neural network approach also performed well on all tested
tasks, but there are drawbacks. The main issue is the intensity of the reconstructed
beam profile and phase space. Note that in this project we did no post-processing
of the neural network output, in other words, the reconstructions presented in sec-
tion 3.2 are raw outputs of the network. Possibly if we would to renormalize the
reconstructions the intensity issue would be fixed, but this requires further testing.
Another remark is that the internal structure of the reconstructions is blurred com-
pared to originals. This might be fixed with a more detailed hyperparameter tuning,
but this issue also requires further investigation.
Finally, as always with image generation, reconstruction examples of the autoen-
coder based neural network presented in section 3.2 are subjectively picked. There
are better examples and there are worse examples of the network performance, I
picked the ones that captured the important aspects of network performance, but it
still remains subjective (for more examples see chapter 6). This is a common issue
with image generation neural networks, where no agreed upon consensus exists, on
which metric to use for model performance evaluation.
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5 Conclusion and Outlook

The conclusions of this project:

1. Deep neural networks can accurately predict quantities of interest of the par-
ticle beam using the design variables of the accelerator at a fixed location.

2. The autoencoder based deep neural network can accurately reconstruct the
beam shape at different positions in the beamline.

3. The autoencoder based deep neural network can accurately reconstruct the
phase space at arbitrary positions in the beamline.

The continuation of this project for autoencoder based neural networks should in-
volve a thorough hyperparameter tuning, testing the reconstruction ability at lo-
cations of the beamline, which were not seen during training, fixing the intensity
mismatch issue and trying to evaluate the quantities of interest using the recon-
structions.
If these tasks are completed successfully, the network should be prepared to applied
to real particle accelerators.
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6 Annexes

Here we presented additional examples of autoencoder based neural network perfor-
mance. As a reminder, for every network presented here we always used the same
input, which is the beam profile (at 11.48m) + reconstruction position with design
variables.

Figure 12: Another good example of beam profile reconstructions at YAG screen
positions. The side plots are beam intensities. Blue line is the intensity of the
simulated beam profile and red line is the intensity of the reconstructed beam profile.
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Figure 13: Bad example of beam profile reconstructions at YAG screen positions.
The side plots are beam intensities. Blue line is the intensity of the simulated beam
profile and red line is the intensity of the reconstructed beam profile.

Figure 14: Another example x - px phase space reconstructions at YAG screen
positions. The side plots are intensities. Blue line is the intensity of the simulated
beam profile and red line is the intensity of the reconstructed beam profile.
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Figure 15: Another example y - py phase space reconstructions at YAG screen
positions. The side plots are intensities. Blue line is the intensity of the simulated
beam profile and red line is the intensity of the reconstructed beam profile.

Figure 16: Another example of testing the ability of autoencoder based neural
network to reconstruct beam profile at different positions in the beamline. The
YAG screen beam profile at 6.38m was never seen during training. The side plots
are intensities. Blue line is the intensity of the simulated beam profile and red line
is the intensity of the reconstructed beam profile.
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