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Abstract

As a fourth-generation synchrotron radiation light source working at 1.5 GeV,
Wuhan Advanced Light Source (WALS) is being designed, which uses a full-
energy linear accelerator (LINAC) as its electron beam injector. The injection
beamline adopts a three-stage scheme: firstly, the beam from the LINAC that
is 6 m under the storage ring is horizontally deflected below the storage ring,
then it gradually climbs from underground to the same altitude as the storage
ring, and finally the beam is delivered horizontally into the injection straight
section inside the storage ring. Meanwhile, the Twiss parameter matching be-
tween the LINAC and storage ring is completed. During the construction of the
beamline, magnet manufacturing errors, installation errors and beam injection
errors from the LINAC will cause beam deviations from predetermined ideal
orbits, and even particle losses. As a result, the electron beam correction is
required during beam commissioning. Different from the single-direction beam
correction of general transfer lines, the horizontal and vertical directions of the
beam are coupled in the WALS injection transfer line, which greatly increases
the complexity and difficulty of beam correction. Machine learning technology
has been developed extensively in recent years, and its powerful algorithm of
invertible neural network model is expected to be able to solve the beam com-
missioning difficulty of the beam injection transfer line at the WALS. Therefore,
an invertible neural network model has been designed and trained to simulate
the beam transport and beam correction of the WALS injection beamline. By
optimizing the number and location of beam profile diagnostics, the accuracy
of bidirectional prediction and beam correction effect can be greatly improved.
The method is of great practical significance for the commissioning and opera-
tion of similar complex beam transport systems.
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The Wuhan Advanced Light Source (WALS) is being designed as a fourth-
generation synchrotron radiation light source operating at 1.5 GeV, utilizing
a full-energy linear accelerator (LINAC) as its electron beam injector. The in-
jection beamline employs a three-stage scheme: first, the beam from the LINAC,
located 6 m beneath the storage ring, is horizontally deflected below the storage
ring; then it gradually climbs from underground to the same altitude as the
storage ring; and finally the beam is delivered horizontally into the injection
straight section inside the storage ring, completing Twiss parameter matching
between the LINAC and storage ring.

During beamline construction, magnet manufacturing errors, installation errors,
and beam injection errors from the LINAC will cause beam deviations from
predetermined ideal orbits, potentially leading to particle losses. Consequently,
electron beam correction is required during beam commissioning. Unlike the
single-direction beam correction typical of general transfer lines, the horizontal
and vertical directions of the beam are coupled in the WALS injection transfer
line, which greatly increases the complexity and difficulty of beam correction.
Machine learning technology has developed extensively in recent years, and its
powerful invertible neural network model algorithms are expected to solve the
beam commissioning challenges of the beam injection transfer line at WALS.

Therefore, an invertible neural network model has been designed and trained
to simulate beam transport and correction for the WALS injection beamline.
By optimizing the number and location of beam profile diagnostics, the accu-
racy of bidirectional prediction and beam correction effectiveness can be greatly
improved. This method holds significant practical significance for the commis-
sioning and operation of similar complex beam transport systems.

Keywords: Beam correction, Injection transfer beamline, Machine learning,
Beam dynamics, Invertible neural network

Introduction

Synchrotron radiation light sources are large-scale facilities for observing and
studying the microscopic world using synchrotron radiation phenomena [1], with
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accelerators being essential components. After decades of development, these
facilities have evolved from first-generation part-time light sources that simply
utilized synchrotron radiation generated from particle accelerators to fourth-
generation diffraction-limited storage ring light sources featuring ultra-low beam
emittance and numerous undulator insertions. Several fourth-generation syn-
chrotron radiation light source facilities are currently in operation or under
construction worldwide. The MAX IV facility in Sweden employs multi-bend
achromat (MBA) lattices to reduce beam emittance below 0.1 nm - rad and in-
crease brightness by two orders of magnitude [2]. Brazil’ s Sirius achieves even
lower natural beam emittance compared to MAX IV through stronger horizontal
focusing [3]. The ESRF-EBS in Europe represents the world’ s first 6 GeV stor-
age ring light source upgraded from ESRF, significantly enhancing brightness
and coherence [4]. HEPS [5], HALF [6], and several other fourth-generation syn-
chrotron radiation light sources are under construction. Synchrotron radiation
light sources have found widespread applications in physics, materials chem-
istry, biology, life sciences, electronic information engineering, and numerous
other fields [7].

The Wuhan Advanced Light Source (WALS), currently under design, is a fourth-
generation diffraction-limited synchrotron radiation light source employing a 1.5
GeV full-energy linear accelerator (LINAC) as its injector [8]. Electron beams
are transported to the 1.5 GeV storage ring via the beam injection transfer line
(BITL) [9-11]. To accommodate future construction of a 4.0 GeV storage ring,
the LINAC is positioned 6 m underground and laterally offset relative to the
1.5 GeV storage ring. This configuration necessitates a “three-stage” design
scheme for the WALS BITL: first, the beam is horizontally deflected below the
storage ring; then it gradually climbs from the underground tunnel to the same
altitude as the storage ring, completing a vertical ascent of 6 m; and finally
the beam is transferred horizontally into the injection straight section inside
the storage ring [12]. This special design scheme introduces horizontal and
vertical beam coupling during transport, particularly affecting the dispersion
function, which requires simultaneous correction in both transverse directions
during beam commissioning. For such complex beam dynamics problems, where
beam diagnostics equipment is limited in practice, neither traditional beam
commissioning methods like the SVD (Singular Value Decomposition) linear
fitting algorithm [13-16] nor the global beam commissioning method proposed
for the WALS BITL [12] is optimal.

It is therefore necessary to leverage machine learning algorithms to simulate
beam transport and perform horizontal and vertical beam corrections simulta-
neously for the WALS BITL. In recent years, machine learning algorithms have
been widely applied in accelerator physics. The multi-hidden layer structure of
neural networks and the algorithmic activity provided by activation functions
can accurately realize beam dynamic simulations of particle beams in accel-
erators. Applications have been reported at many light sources. For example,
SLAC National Accelerator Laboratory trained two independent neural network
constructs at its Linac Coherent Light Source (LCLS) [17, 18] to achieve accu-
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rate prediction of 2D images of electron bunches [19]. The Shanghai Synchrotron
Radiation Facility (SSRF) [20-23] used machine learning to extract beam infor-
mation bunch by bunch and correct beam orbits in the storage ring [24]. Us-
ing convolutional neural networks (CNN) [25, 26], the National Synchrotron
Radiation Laboratory (NSRL) at the University of Science and Technology of
China (USTC) successfully fitted and calculated beam cross-section dimensions
through noise suppression of collected beam images [27]. Additionally, online
correction using Lasso regression [28, 29] and Beta function correction using
neural networks have been carried out [30]. Increasingly, light sources are em-
ploying machine learning algorithms to solve problems in accelerator physics
[31, 32].

In our study, an invertible neural network (INN) [33, 34] containing 8 affine
coupling modules [35] has been successfully designed after extensive testing,
employing the ReLU (Rectified Linear Unit) activation function [36, 37] and
incorporating the Adam (adaptive moment estimation) algorithm [38] and the
Back-propagation algorithm [39, 40]. By learning a dataset consisting of two
groups of variables—one group being the magnet K-values of (m—2) quadrupole
magnets with adjustable electric current in the WALS BITL (as input x), and
another group being the horizontal (ox) and vertical (oy) beam sizes collected
at beam profile monitoring systems (as output y)—the model can realize not
only forward prediction from magnet K-values to beam size o, but also inverse
prediction from beam size o to magnet K-values. The AT toolbox in MATLAB
has been used to model the WALS BITL, collect beam-related data, and verify
the inverse prediction results of the INN model. Optimization of beam correction
has been successfully achieved in simulation for the WALS BITL.

The remainder of this paper is organized into five sections. Section IT introduces
the layout of the WALS BITL and the global beam correction method proposed
during initial beamline design. Section IIT presents the INN model designed
for the WALS BITL, described from six aspects: model structure assumption,
beam correction process, placement and quantity setting of beam profile moni-
toring systems, dataset preparation, model structure setup, and training results.
Section IV verifies the beam correction method of the INN model. Section V an-
alyzes the beam correction method, introducing the dynamic relationship, loss
function definition, and evaluation indicator selection. Summaries and conclu-
sions are presented in Section VI.

II. The WALS BITL and Global Beam Correction
A. Design of the WALS BITL

For synchrotron radiation light sources, the injection transfer line must deliver
the electron beam into the storage ring with high quality and high transmission
efficiency. Stable operation of a synchrotron radiation light source highly relies
on precise design and construction of the injection transfer line. When designing
the transfer line, one must ensure accurate matching of Twiss parameters and
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maintain control of dispersion functions. Simultaneously, considering instal-
lation errors, injection errors from the LINAC, magnet manufacturing errors,
and other factors during beamline construction, beam correction must be per-
formed based on theoretical design. Typically, beam diagnostic devices such as
BPMs [41] and beam profile monitoring systems are placed along the beamline
to collect beam information, with horizontal/vertical correction (HVC) magnets
arranged for beam orbit corrections.

At WALS, the BITL consists of three sections as mentioned earlier. The first
section is designed with two 15° dipole magnets and three quadrupole magnets
to form a horizontal achromatic unit, supplemented by ten quadrupole magnets
for beam envelope manipulation. In the second section, the beam is deflected
30° vertically, climbing over the 6 m slope, then deflected back by 30° to reach
the same horizontal plane as the storage ring. Both ends of the second section
feature two 15° dipole magnets and three quadrupole magnets forming vertical
achromatic units, which adopt the same magnet parameters as the horizontal
achromatic unit in the first section to reduce beam commissioning complexity. In
the third section, four quadrupole magnets deliver the beam from the transfer
line to the storage ring entrance. A horizontal achromatic unit consisting of
two 10.5° dipole magnets, an injection septum, and three quadrupole magnets
matches the Twiss parameters. [Figure 1: see original paper] plots the 3D model
of the WALS BITL. [Figure 2: see original paper] shows the evolution of Twiss
parameters along the WALS BITL, with the beta function not exceeding 25 m
and the dispersion function not exceeding 0.6 m. [Figure 3: see original paper]
presents the beam size in the BITL, where beam size refers to the standard
deviation of the electron beam bunch following a Gaussian distribution.

B. Global Correction Method

During beamline construction, installation errors, manufacturing errors, and
other factors cause the particle beam to deviate from the predetermined or-
bit, leading to Twiss parameter mismatch and even beam losses, necessitat-
ing beamline correction optimization. The global correction method is a beam
correction approach applied in the WALS BITL design [12]. Considering the
horizontal-vertical coupling problem of the WALS BITL, particularly for disper-
sion function correction, simultaneous correction in both horizontal and vertical
directions is essential, prompting the initial proposal of the global correction
method.

The global correction process includes two parts: orbit correction and optical
correction. Orbit correction is achieved with six sets of HVC magnets and
BPMs placed in pairs, with specific locations observable in [Figure 2: see orig-
inal paper| and [Figure 3: see original paper]. Optical correction is realized
using the AT toolbox in MATLAB, which involves randomly generating 20-50
sets of quadrupole magnet seeds to test parameters, retaining seeds with better
results (such as lower maximum beta function and lower dispersion function at
the beamline end), and iterating until ideal quadrupole settings are found. This
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computational approach enables simultaneous bidirectional beam correction in
simulation. Since the quadrupole magnets of the WALS BITL are powered in-
dividually, the 18 quadrupole magnets in the non-dispersion region and the 12
quadrupole magnets in the dispersion region (30 total) can be adjusted sepa-
rately. Twenty error seeds were randomly generated, and beam optics parame-
ters and beam sizes under different error seeds were analyzed.

In global correction simulations, orbit correction was performed using six sets
of HVC magnets and BPMs, while optical correction was achieved through
MATLAB calculations using beam information collected along the beamline.
[Figure 4: see original paper| shows the comparison before and after beam
orbit correction, where x represents the horizontal orbit and y represents the
vertical orbit, with curves corresponding to the 20 error seeds mentioned earlier.
Comparing (a) and (b), the maximum horizontal orbit error before correction
is 22 mm, with end values ranging from -18 mm to 12 mm. After correction,
the maximum orbit error is reduced to 2.7 mm, with end values nearly 0 mm
(ideal orbit). Similarly, comparing (c) and (d), the maximum vertical orbit error
before correction is 27 mm, with end values ranging from -11 mm to 16 mm.
After correction, the maximum error becomes 2.7 mm, with end values also close
to 0 mm, indicating that orbit positions and directions at the injection point
have been essentially corrected ideally.

For beam optics parameters, [Figure 5: see original paper| plots results before
correction, while [Figure 6: see original paper| presents results after correction,
with curves also corresponding to the 20 error seeds. Comparing these figures
reveals that after correction, the maximum (x value at the end decreases from
17.8 m to 12.6 m. For By, the maximum end value decreases from 12.3 m to
10.4 m. The maximum x value at the end decreases from 0.5 m to 0.01 m, and
the maximum y value at the end decreases from 0.4 m to 0 m. Overall, the
beta function at the end is close to 12 m, and the dispersion function is close to
0 m, meeting correction requirements of 15 m and 0.2 m, respectively.

To compare with the INN method, 20 new seeds were selected for correction
using the global method. These 20 seeds differ from the previous 100 seeds [12]
and have a slightly smaller error range. The global correction achieved similar
results to the previous study, with particular focus on dispersion function correc-
tion, especially its deviation in the beamline middle section, resulting in better
overall correction. However, correction results at the injection point of the stor-
age ring injection straight section were very similar. While the global correction
method achieves beam correction for the WALS BITL by capturing informa-
tion from all points along the transport line in simulations, in reality, limited
locations for beam diagnostic elements provide far less information than simu-
lations. Consequently, the global correction method is unavailable for actual
beam correction, necessitating a new commissioning method that can simulta-
neously solve horizontal and vertical beam corrections while completing beam
correction with limited information. Therefore, we have investigated beam cor-
rection for the WALS BITL using machine learning algorithms, proposing and
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implementing an INN model for this purpose.

ITI. Invertible Neural Network Model

With continuous progress in artificial intelligence, machine learning systems have
developed rapidly [42], with increasing applications in cutting-edge research [43-
46], particularly in physics [47-50]. In the field of particle accelerators, machine
learning technology applications in beam commissioning are also under rapid
development.

A. Network Structure for the WALS BITL

Currently, machine learning algorithms are often used to design storage rings or
study beam instabilities, with neural networks typically featuring one to three
hidden layers and node counts ranging from tens to thousands. Multi-objective
genetic algorithms [51, 52] are usually applied to find optimal working points
for accelerator components. In our case, beam transport at the WALS BITL is
unidirectional, with few adjustable components and a very specific three-stage
beamline design, necessitating a unique neural network model for beam correc-
tion. With 30 adjustable quadrupole magnets and limited locations for beam
profile monitoring systems along the BITL, the neural network must determine
K-values of quadrupoles to achieve desired horizontal (ox) and vertical (oy)
beam sizes at the monitoring systems.

In beam transfer lines, the forward process from magnet K-value to beam size o
is accurately defined, but the inverse process from beam size o to magnet K-value
is ambiguous, with potential for “many-to-one” solutions. Therefore, an INN
model has been designed for WALS BITL beam correction. Through forward
learning, the network can predict beam size from quadrupole magnet K-values,
while through invertible mapping, it can also predict K-values corresponding to
expected beam sizes. The network thus realizes both forward prediction from
magnet K-value to beam size and inverse prediction from beam size to magnet
K-value, with the latter based on the former. The forward learning process
aligns with the physical nature of beam dynamics along the WALS BITL, and
the inverse prediction results are highly accurate, making this method efficient
for actual beam commissioning.

Beam size is selected as a learning feature for several reasons: (1) it can be eas-
ily collected by beam profiles; (2) ensuring efficient electron transport without
loss makes beam size the primary commissioning goal; (3) since the storage ring
has strict dispersion requirements when injecting electron beams, the dispersion
function is also an important correction target. Beta function and other optical
parameters must be considered, as beam size is determined by both beta and
dispersion functions, as shown in Equation 1: ¢i® = Bii + (ice)?, where oi is
beam size, 8i is the beta function, iis beam emittance, iis the dispersion func-
tion, and ce is energy spread (i refers to horizontal or vertical). This equation
shows that beam size changes with beta and dispersion functions when beam
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emittance and energy spread are constant.

The Adam optimization algorithm is introduced as an optimizer, differing from
common stochastic gradient descent by combining adaptive learning rates with
momentum to efficiently and automatically adjust learning rates and parameter
update speeds during training. The Back-propagation algorithm is chosen to
compute gradient functions. Unlike forward propagation, which transmits input
data to the output layer, back-propagation applies the chain rule to find partial
derivatives of all parameters, passing them backward and continuously adjusting
network weights and biases to better fit data and improve model generalization
[39].

While machine learning techniques typically employ Artificial Neural Networks
(ANN) in accelerator physics, the unique characteristics of the WALS BITL
warrant the INN model. Since electron beam motion in the transfer line is
unidirectional, multiple quadrupole magnet combinations may correspond to
the same beam size. Therefore, the primary goal is to quickly obtain a feasible
K-value combination based on desired beam size targets. The INN model is
highly suitable, as its forward learning process can simulate beam transport
accurately, while its inverse transmission process can rapidly obtain feasible
K-value combinations.

B. Beam Correction Process

The overall INN model learning process is shown in [Figure 7: see original
paper], comprising five main steps from (a) to (¢). In Figure 7: see original
paper: Step 1 uses the AT toolbox of MATLAB to model the transfer line,
randomly generating injection parameter errors from the LINAC and magnet
installation errors within specified ranges to create error seeds. Step 2 corrects
beam orbit with HVC magnets in simulation (in practice, orbit correction can
be completed without machine learning). Step 3 randomly generates multiple
sets of quadrupole magnet K-values for each error seed, collecting horizontal
(0x) and vertical (oy) beam sizes simulated by AT (or measured during actual
commissioning) at each profile. K-values and beam sizes are treated as input x
and output y, respectively, forming a learning dataset (training:validation:test
ratio of 4:1:1.25).

In Figure 7: see original paper, Step 4 preliminarily trains the model with er-
ror seed No.1, continuously adjusting network structure and hyperparameters
to design the most reasonable model. Step 5, shown in Figure 7: see original
paper, verifies model usability: the dataset from error seeds is learned and pre-
dicted, and if results are reasonable, the error seed is replaced by the next one.
If unreasonable, hyperparameters are reset until ten error seeds can be reason-
ably predicted. The INN model is then considered to have reasonable structure
and sufficient usability, enabling beam transfer line correction in simulation. R?
(coefficient of determination) is selected as the criterion for judging prediction
rationality, with predictions considered accurate enough when the average for-
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ward prediction R? exceeds 0.90 and the average inverse prediction R? exceeds
0.85. R2 is described in Section V C.

C. Optimization of Beam Profile Monitoring System Settings

Approximately ten locations are available for beam profile monitoring system
installation in the WALS BITL, designated No.1 to No.10 from beamline start
to end. The specific distribution is indicated in [Figure 1: see original paper]
using arrows. To save space and cost, the number of beam profiles should be
minimized while ensuring beam correction accuracy. Optimization has been per-
formed using the ideal error-free WALS BITL, starting from Step 3 in Figure 7:
see original paper. illustrates R? values for different profile numbers, beginning
with ten systems and continuously reducing the number for comparison.

Since the model uses the Adam optimizer, some fluctuations in R? values occur.
As shown in , when the number of profiles is reduced to five, the inverse pre-
diction R? value drops sharply. Fewer profiles provide fewer observable points
and less data for model learning. Considering practical model requirements and
device costs, the final profile number is determined to be six. Since the final
model application involves predicting quadrupole magnet K-values based on de-
sired beam size, a beam profile monitoring system must be placed at position
No.10 behind the last quadrupole magnet. Because positions No.1, No.2, No.3,
and No.4 are close to each other with few nearby quadrupole magnets, one or
two representatives should suffice. Based on this, comparisons have been con-
ducted among various combinations of six profile locations, as listed in . Finally,
positions No.1, No.4, No.5, No.6, No.8, and No.10 have been selected to achieve
satisfactory R? values.

D. Preparation of Datasets

The main considered errors for the WALS BITL include injection errors at the
BITL start point (e.g., Twiss parameter errors and position errors), magnet in-
stallation errors, and magnetic field errors of dipoles and quadrupoles. Using
the AT toolbox of MATLAB, ten corresponding error seeds are randomly gen-
erated. For each error seed, a dataset is produced for the neural network model,
where input x consists of quadrupole magnet K-values and output y consists of
horizontal and vertical beam sizes at the six beam profile monitoring systems.
Each dataset contains 10,000 groups of x and y.

Error ranges are listed in Tables 3-6. Specifically, Tables 3 and 4 show posi-
tioning and Twiss parameter error ranges of the injected beam from the LINAC.
shows installation error ranges for dipole and quadrupole magnets. lists mag-
netic field error ranges for dipoles and quadrupoles. The ten random error
seeds are generated within these ranges, and for each seed, the dataset contain-
ing quadrupole K-values is produced based on values. Ten random error seeds
have been selected to verify whether the INN model structure and hyperparam-
eter settings are appropriate. If the model can successfully correct the beam
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under ten different error seeds, it demonstrates good versatility.

E. Design of the Network Structure

After comprehensive consideration, an INN model with eight affine coupling
modules has been designed, applying the ReLLU activation function and incor-
porating the Adam algorithm and Back-propagation algorithm. [Figure 8: see
original paper] shows the schematic diagram of the neural network structure.

F. Training Results

Prediction results for the test set are visually analyzed by comparing predicted
values with true beam size values for both forward and inverse processes. Box
plots [53] are applied for visual analysis, clearly displaying data quartiles and
realistically reflecting data distribution. As shown in [Figure 9: see original
paper], for beam size, the median error between forward, inverse, and true
values does not exceed 0.015 mm, while 75% and 25% of the data, along with
maximum and minimum values, are almost symmetrically distributed around
the median.

For forward prediction, $ $3_y results are about 0.015 mm larger than inverse
and true values overall. However, since the model is eventually used with inverse
prediction, the difference between the inverse process and true value is of greater
concern. As evident, the difference between inverse predicted value and true
value distributions is negligible at each beam profile monitoring system.

[Figure 10: see original paper] compares predicted and true beam size values at
the first and last beam profile monitoring locations, with each point representing
an individual in the test set. This figure transparently and informatively reveals
minor deviations between true and predicted values.

IV. Verification

Since the WALS BITL has not yet been built, MATLAB has been used to model
it for virtual verification. [Figure 11: see original paper]| compares beam param-
eters before and after correction using the INN model with an error seed and
$+$1% quadrupole field error. Continuous lines represent dispersion function
and beam size under these errors, while dark blue dotted lines marked with
circles show corrected beam parameters using the INN model. Both dispersion
function and beam size are well corrected, with horizontal and vertical disper-
sion at the transfer line exit being 0.03 m, horizontal beam size 0.14 mm, and
vertical beam size 0.12 mm.

compares beam sizes between expected and corrected values using INN. Input
values refer to expected beam sizes imported into the INN model, which directly
predicts K-values. Corrected beam sizes are calculated by MATLAB using the
WALS BITL with INN-predicted K-values, showing results very close to ex-
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pected values. [Figure 11: see original paper] and further verify INN model
accuracy.

[Figure 12: see original paper]| shows beam dispersion function and beam size
after INN model correction for ten error seeds. Segmented blue curves repre-
sent theoretical ideal beam parameters along the transfer line without errors,
while continuous color curves show corrected results under ten error seeds. The
corrected dispersion function and beam size are close to ideal conditions, with
dispersion at the transfer line exit within 0.15 m and beam size corrected to
within 0.3 mm.

Comparing [Figure 12: see original paper| and [Figure 6: see original paper]
reveals that in the x-direction, the global correction method corrects the dis-
persion function at the endpoint within 0.01 m, while the INN model corrects
it to within 0.1 m. In the y-direction, the global correction method corrects
the dispersion function at the endpoint close to 0 m, while the INN model cor-
rects it to within 0.15 m. Both methods meet the 0.2 m correction requirement.
Although the global correction method achieves more precise results in simula-
tion environments, it is limited to simulations because it requires more beam
information than actual diagnostic systems can provide. In contrast, the INN
model is specifically designed for practical beam correction applications and
can effectively utilize limited diagnostic information. This practical capability
makes the INN model more advantageous in actual operations, especially when
beam information is limited. Therefore, despite the global correction method’ s
excellent simulation performance, the INN model” s feasibility and flexibility in
practical applications make it a more practical choice.

V. Method Analysis

The INN model code programming is based on previous work [54]. This section
analyzes the method applied to the WALS BITL. Section V A introduces dy-
namic relationships in the WALS BITL and analyzes mathematical relationships
of the INN model application. Section V B details loss function considerations,
with summarizing hyperparameters used in the final model. Section V C intro-
duces R? and model evaluation steps.

A. Dynamic Relationships

The dynamic equations for particle beam and quadrupole magnet K-values at
the WALS injection transfer line are given by : D_K x D — D_ o, where f(k, d)
= 6(d). Here K represents quadrupole magnet values, d D represents beamline
location, function T represents the transfer line model, and & represents electron
beam size at location d.

INN models generally require equal input and output data dimensions. How-
ever, for this problem, input data dimension is 30 while output data dimension
is 12, necessitating dimension compensation. We define total data dimension

chinarxiv.org/items/chinaxiv-202503.00066 Machine Translation


https://chinarxiv.org/items/chinaxiv-202503.00066

ChinaRxiv [$X]

as A. Since inverse problem solutions are not unique and may involve many-to-
one mappings, the solution maps not only to pre-designed values but also to
a prospective spatial distribution (I distribution) learned during training. By
randomly sampling in I, the model continuously seeks the most suitable dis-
tribution value to complete the inverse problem’ s optimal solution [54]. The
total dimension A can be described as A = dim(K) + 1 4 dim(xpad) = dim(o)
+ dim(ypad) + I, where xpad is the complementary dimension of input data
and ypad is the complementary dimension of output data. I is the potential
spatial distribution dimension. For this paper, only output data dimension is
supplemented, so the forward prediction mathematical expression for the trans-
fer line physical model is T(k, d) = (6(d), dim(ypad), I). The inverse prediction
mathematical expression is T~': D_o x D_{dim}(ypad) x D_I — D_K x D,
where T71(6(d), dim(ypad), I) = (k, d).

B. Loss Function

The loss function definition during training consists of five components: mean
square error L {MSE} between predicted output and true values, mean square
error L__« of output data complementary dimensions, reconstruction error L r
to reduce influence of small perturbations (§) on reverse prediction, L_k to
ensure sampled magnet K-values follow the dataset distribution, and L_1T to
ensure potential spatial distribution D_ I follows the desired distribution. The
total loss function is L {all} = w{MSE} L{MSE} + wr L r +walL_ o+ w_k
L_k + wl L_I, where w{MSE}, wr, wa, w_k, and w_1I are the corresponding
error weights.

The mean square error and reconstruction error equations are: MSE = (1/n)
S(y_i-y i)?Lor=|f 1tk i, d i)+ d)- (k_i,d i)|?

In these equations, n is the total number of quadrupole magnets per sample
(i.e., 30). shows other detailed data configurations for the INN model.

C. Evaluation Indicators

At the transfer line end, beam size is determined by all quadrupole magnets in
the beamline (ignoring dipole influences), so in inverse prediction, simply com-
paring predicted and true values cannot truly reflect model accuracy. Therefore,
R? has been selected as the evaluation metric. R? ranges between 0 and 1, with
values closer to 1 indicating higher prediction accuracy. R? is expressed as: R?
=1-[2@_i-y_i)? /[X(F_i-y_i)?] where y_iis the true value, y_i is the
true value average, and §_ i is the predicted value.

Model evaluation steps are: (1) The model makes forward predictions on the val-
idation set, obtaining forward prediction ¢ values corresponding to quadrupole
magnet K-values (true K-values). (2) True o values and forward predicted o val-
ues calculate forward prediction R2. (3) The model makes inverse predictions on
the validation set, obtaining quadrupole magnet K-values predicted from true
o values. (4) The model makes forward predictions on these predicted K-values,
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obtaining inverse prediction o values. (5) True o values and inverse prediction
o values calculate inverse prediction R2. [Figure 13: see original paper] illus-
trates these specific steps, where “Inverse prediction-o obtained by the Pending
K-value after the forward prediction” represents the predicted o value for the
entire inverse prediction process.

After adequate testing, R? can reach approximately 0.96 maximum for forward
prediction and about 0.93 for inverse prediction. From both corrected Twiss
parameters and beam sizes, and from R? values, the feasibility of this INN
model for WALS BITL beam correction study is confirmed. lists R? data for an
error seed, showing average forward prediction R? reaching 0.9483 and inverse
prediction R? reaching 0.9228.

VI. Conclusions

An INN model has been designed using machine learning neural network al-
gorithms to optimize beam correction for the WALS BITL. The method has
proven feasible with remarkable beam correction effects in simulations. Given
the unique “three-stage”design of the WALS BITL, the neural network algorithm
can simultaneously solve horizontal and vertical beam correction problems while
addressing beam correction difficulties caused by limited beam information at
restricted measurement points.

The final INN model design realizes both forward prediction from magnet K-
value to beam size ¢ and inverse prediction from beam size o to quadrupole
magnet K-value. The AT toolbox of MATLAB has been used to model the
transfer line, collect beam-related data, verify INN model inverse prediction re-
sults, and successfully achieve commissioning optimization for the WALS BITL
in simulation. This method can provide visual guidance for actual beam cor-
rection processes. In the future, we will further explore designing a proper INN
model with fewer beam profile monitoring systems to reduce construction costs.
During WALS BITL construction and commissioning, this method will be ap-
plied in practice. This study of machine learning algorithms for WALS BITL
beam correction may be applied to similar accelerator physics problems at other
facilities.
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