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Abstract
Wuhan Advanced Light Source (WALS), a fourth-generation synchrotron radiation light source operating at 1.5 GeV, is 
currently under design and will use a full-energy linear accelerator (LINAC) as the electron beam injector. The injection 
beamline adopts a three-stage scheme: First, the beam from the LINAC, which is 6 m below the storage ring, is horizontally 
deflected below the storage ring; second, it gradually climbs from underground to the same altitude as the storage ring; and 
third, the beam is delivered horizontally into the injection straight section inside the storage ring. Twiss parameter matching 
between the LINAC and storage ring was also completed. During the construction of the beamline, magnet manufacturing 
errors, installation errors, and beam injection errors from the LINAC will cause beam deviations from the predetermined 
ideal orbits and even particle losses. Therefore, electron beam correction is required during beam commissioning. In con-
trast with the single-plane beam correction used in 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 extensively developed in recent years, and the powerful invertible neural network 
algorithm is expected to solve the beam commissioning challenge of the beam injection transfer line at the WALS. Therefore, 
an invertible neural network (INN) model has been designed and trained to simulate the beam transport and beam correction 
of the WALS injection beamline. By optimizing the number and positions of beam profile monitors, the accuracy of both 
bidirectional prediction and beam correction can be greatly improved. This method has important practical significance for 
the commissioning and operation of similar complex beam transport systems.

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

1  Introduction

Synchrotron radiation light sources are large-scale facilities 
for observing and studying the microscopic world using 
synchrotron radiation [1], and accelerators are important 

components of synchrotron radiation light sources. After 
decades of development, they have evolved from the first 
generation as part-time light sources that simply use syn-
chrotron light generated from particle accelerators to the 
fourth generation of diffraction-limited storage ring light 
sources that have ultra-low beam emittance and adopt a large 
number of undulator insertions. Several fourth-generation 
synchrotron radiation light source facilities are in opera-
tion or under construction worldwide. The MAX IV facil-
ity is currently in operation in Sweden and uses multi-bent 
achromat (MBA) lattices to reduce the beam emittance to 
below 0.1 nm⋅rad and increase the brightness by two orders 
of magnitude [2]. Sirius, located in Brazil, achieves a lower 
natural beam emittance compared to MAX IV through 
stronger horizontal focusing [3]. ESRF-EBS in Europe is 
the world’s first 6 GeV storage ring light source upgraded 
from the ESRF, which significantly enhances its brightness 

This work was supported by the Major Science and Technology 
Project of Hubei Province (2021AFB001).

 *	 Yuan‑Cun Nie 
	 nieyuancun@whu.edu.cn

1	 The Institute for Advanced Studies, Wuhan University, 
Wuhan 430072, China

2	 Advanced Light Source Research Center, Wuhan University, 
Wuhan 430072, China

3	 Shanghai APACTRON Particle Equipment Co., Ltd., 
Shanghai 201800, China

http://orcid.org/0009-0003-5083-8821
http://orcid.org/0000-0001-6711-4465
http://orcid.org/0000-0003-4752-9297
http://crossmark.crossref.org/dialog/?doi=10.1007/s41365-026-01959-6&domain=pdf


	 H. Wang et al.135  Page 2 of 15

and coherence [4]. HEPS [5], HALF [6], and several other 
fourth-generation synchrotron radiation light sources are 
under construction. Synchrotron radiation light sources 
have been widely applied in the fields of physics, materi-
als science, chemistry, biology, life sciences, and electronic 
information engineering [7].

Wuhan Advanced Light Source (WALS), which is cur-
rently under design, is a fourth-generation diffraction-
limited synchrotron radiation light source with a 1.5-GeV 
full-energy linear accelerator (LINAC) as its injector [8]. 
The electron beams are transported to the 1.5 GeV storage 
ring via a beam injection transfer line (BITL) [9–11]. To 
accommodate the future construction of a 4.0 GeV storage 
ring, the LINAC is 6 m underground and laterally offset rela-
tive to the 1.5 GeV storage ring. Because the LINAC is 6 m 
underground, the WALS BITL adopts a “three-stage” design 
scheme: First, the beam is horizontally deflected below the 
storage ring, then it gradually climbs from the underground 
tunnel to the same altitude level as the storage ring, com-
pleting a vertical climb with a height of 6 m, and finally, the 
beam is transferred horizontally into the injection straight 
section inside the storage ring [12]. This special design 
scheme results in horizontal and vertical beam coupling 
during beam transport. In particular, for the dispersion func-
tion, the two transverse directions must be considered and 
corrected simultaneously when the beam is commissioned. 
For such a complex beam dynamics problem, where beam 
diagnostic equipment is limited in practice, neither the tra-
ditional beam commissioning method, such as the singular 
value decomposition (SVD) linear fitting algorithm [13–16] 
nor the global beam commissioning method [12] proposed 
for the WALS BITL, is optimal. Therefore, it is necessary to 
take advantage of machine learning algorithms to simulate 
the beam transport and perform horizontal and vertical beam 
corrections simultaneously for the WALS BITL.

In recent years, machine learning algorithms have been 
widely applied in the field of accelerator physics. The multi-
hidden layer structure of neural networks and the nonlin-
ear transformations provided by the activation functions 
can accurately model beam dynamics of particle beams in 
accelerators. Applications of machine learning have been 
reported at many light sources. For example, SLAC National 
Accelerator Laboratory trained two independent neural net-
work models at its Linac Coherent Light Source (LCLS) [17, 
18] to achieve accurate prediction of 2D images of electron 
bunches [19]. The Shanghai Synchrotron Radiation Facil-
ity (SSRF) [20–23] used machine learning to extract beam 
information bunch by bunch and correct beam orbits of the 
storage ring [24]. Using a convolutional neural network 
(CNN) [25, 26], the National Synchrotron Radiation Labo-
ratory (NSRL) at the University of Science and Technol-
ogy of China (USTC) successfully determined beam cross-
section dimensions by suppressing noise in the collected 

beam images [27]. In addition, online correction using Lasso 
regression [28, 29] and beta function correction using neural 
networks have been carried out [30]. An increasing number 
of light sources are using machine learning algorithms to 
solve problems in the field of accelerator physics [31, 32].

In our study, an invertible neural network (INN) [33, 34] 
containing 8 affine coupling modules [35] has been success-
fully designed after many tests, where the ReLU (Rectified 
Linear Unit) activation function [36, 37] is applied, and the 
Adam (adaptive moment estimation) algorithm [38] and 
the back-propagation algorithm [39, 40] are introduced. 
By learning a dataset consisting of two groups of variables, 
where one group is the magnet K-values (in units of m−2 ) of 
quadrupole magnets with adjustable currents in the WALS 
BITL (as input x), and the other group is the horizontal ( �x ) 
and vertical ( �y ) beam sizes collected at beam profile moni-
toring systems (as output y), not only the forward predic-
tion from the magnet K-values to the beam sizes � , but also 
the inverse prediction from the beam sizes � to the magnet 
K-values can be realized. The AT toolbox in MATLAB was 
used to model the WALS BITL and collect beam-related 
data, and to verify the inverse prediction results of the INN 
model. Beam correction was successfully optimized in the 
simulation for the WALS BITL.

The remainder of this paper is organized as follows. Sec-
tion 2 introduces the layout of the WALS BITL and the 
global beam correction method proposed at the beginning 
of the beamline design. Section 3 introduces the INN model 
designed for the WALS BITL, which is described from six 
aspects: model structure assumptions, beam correction pro-
cess, placement and quantity settings of beam profile moni-
toring systems, dataset preparation, model structure setup, 
and training results. Section 4 describes the verification of 
the beam correction method for the INN model. Section 5 
describes the analysis of the beam correction method, in 
which the dynamic relationships of the method, the defi-
nition of the loss function, and the selection of evaluation 
metrics are introduced. The summary and conclusions of the 
work are described in Sect. 6.

2 � The WALS BITL and global beam 
correction

2.1 � Design of the WALS BITL

For synchrotron radiation light sources, an injection transfer 
line is required to deliver the electron beam into the stor-
age ring with high quality and high transmission efficiency. 
The stable operation of a synchrotron radiation light source 
highly relies on the precise design and construction of the 
injection transfer line. When designing the transfer line, 
one must ensure that the Twiss parameters of the beam are 
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accurately matched, and the dispersion functions are con-
trolled. At the same time, considering the installation errors, 
injection errors from the LINAC, magnet manufacturing 
errors, and many other factors during beamline construc-
tion, it is necessary to perform beam correction based on the 
theoretical design. In general, beam diagnostic devices such 
as beam position monitors (BPMs) [41] and beam profile 
monitoring systems are placed along the beamline to collect 
beam information, and horizontal/vertical correction (HVC) 
magnets are arranged for beam orbit corrections.

At the WALS, the BITL consists of three sections, as 
mentioned earlier. The first section of the transfer line 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 by 30◦ vertically, 

climbing over a 6-m slope, and then deflected back by 30◦ to 
arrive at the same horizontal plane as the storage ring. Both 
ends of the second section are designed with two 15◦ dipole 
magnets and three quadrupole magnets to form a vertical 
achromatic unit. The two vertical achromatic units in the 
second section adopt the same magnet parameters as those 
in the horizontal achromatic unit in the first section to reduce 
the complexity of beam commissioning. In the third sec-
tion, four quadrupole magnets are used to deliver the beam 
from the transfer line to the entrance of the storage ring. A 
horizontal achromatic unit consisting of two 10.5◦ dipole 
magnets, an injection septum, and three quadrupole magnets 
is used to match the Twiss parameters. Figure 1 shows a 3D 
model of the WALS BITL. Figure 2 shows the evolution of 
the 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 presents the beam sizes in 
the BITL. Beam size refers to the standard deviation of the 
electron beam bunch that follows a Gaussian distribution.

2.2 � Global correction method

During beamline construction, installation, manufactur-
ing, and other errors may occur, which can prevent the 
particle beam from following the predetermined orbit, thus 
resulting in a Twiss parameter mismatch and beam losses. 
Therefore, it is necessary to optimize the beam correction 
of the beamline. The global correction method was applied 

Fig. 1   (Color online) 3D model of the WALS BITL. Arrows indicate 
the potential locations for the placement of the beam profile monitor-
ing systems

Fig. 2   (Color online) Twiss 
parameters ( � and � ) along the 
WALS BITL. In the beamline, 
the dark blue boxes represent 
the HVC correction magnets, 
the yellow boxes represent the 
dipole magnets, the circles 
represent the BPMs, and the 
rest represents the quadrupole 
magnets
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in the design of the WALS BITL [12]. Considering the 
horizontal–vertical coupling problem of the WALS BITL, 
especially for the correction of the dispersion function, 
it is essential to correct both the horizontal and vertical 
directions simultaneously; therefore, we first proposed a 
global correction method for beam correction.

The global correction method involves two steps: orbit 
correction and optical correction. The orbit correction is 
achieved using six sets of HVC magnets and BPMs placed 
in pairs. In Figs. 2 and  3, the specific locations of the 
HVCs and BPMs can be observed. Optical correction is 
realized using the AT toolbox simulation in MATLAB, 
which involves randomly generating 20–50 sets of quad-
rupole magnet seeds to test the parameters, retaining the 
seeds with better results (such as lower maximum beta 
function and lower dispersion function at the end of the 
beamline), and iterating until the ideal quadrupole set-
ting is found. By employing this overall computational 
approach, simultaneous bidirectional beam correction 
can be realized in the simulation. Because the quadrupole 
magnets of the WALS BITL are powered individually, the 
18 quadrupole magnets in the non-dispersion region and 
the 12 quadrupole magnets in the dispersion region (30 
in total) can be adjusted separately. Twenty error seeds 
were randomly generated, and the beam optics parameters 
and beam sizes under different error seeds were analyzed. 
In the global correction simulations, the orbit correction 
was performed with the help of six sets of HVC magnets 
and BPMs, whereas the optical correction was realized 
using MATLAB calculations, in which beam information 
along the beamline was collected and applied for the opti-
cal correction.

Figure 4 shows a comparison of the conditions before 
and after beam orbit correction, where x and y represent 
the horizontal and vertical orbits, respectively. The curves 
correspond to the 20 error seeds mentioned earlier. By com-
paring (a) and (b), it was observed that the maximum error 
in the horizontal direction of the orbit before correction was 
22 mm, with the end values ranging between −18 mm and 
12 mm. After correction, the maximum error in the orbit was 
reduced to 2.7 mm, and the end values were nearly 0 mm 
(ideal orbit). Similarly, by comparing (c) and (d), it was 
found that the maximum error in the vertical direction of 
the orbit before correction was 27 mm, with the end values 
ranging between −11 mm and 16 mm. After correction, the 
maximum error in the orbit was reduced to 2.7 mm, and 
the end values were also close to 0 mm. The positions and 
directions of the orbit at the injection point were ideally 
corrected.

For the beam optics parameters, Fig. 5 shows the results 
before correction, and Fig. 6 shows the results after correc-
tion. The curves correspond to the 20 error seeds mentioned 
earlier. By comparing Fig. 5 and Fig. 6, it is found that after 
correction, the maximum value of �x at the end decreases 
from 17.8 m to 12.6 m. For �y , the maximum value at the 
end decreases from 12.3 m to 10.4 m. The maximum value 
of �x at the end decreases from 0.5 m to 0.01 m, and the 
maximum value of �y 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 the 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 

Fig. 3   (Color online) Beam sizes along the WALS BITL. In the 
beamline, the dark blue boxes represent the HVC correction magnets, 
the yellow boxes represent the dipole magnets, the circles represent 
the BPMs, and the rest represents the quadrupole magnets

Fig. 4   (Color online) Global correction method: comparison before 
and after beam orbit correction. a and b represent the x-orbit before 
and after correction; c and d represent the y-orbit before and after 
correction
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seeds were different from the previous 100 seeds [12] and 
had a slightly smaller error range. The global correction 
achieved results similar to those in the previous study. The 
correction of the dispersion function, especially its devia-
tion in the middle part of the beamline, was the key focus 
in the previous work, resulting in better overall correction. 
However, the correction results at the injection point of the 
injection straight section inside the storage ring were very 
close to each other.

The global correction method achieves beam correction 
for the WALS BITL because it captures information from all 
points along the transport line in the simulations. However, 
in reality, there are limited locations where beam diagnos-
tic elements can be placed, and the available information 
during actual beam correction is far less than that in the 
simulations. Therefore, the global correction method is not 
applicable in actual beam correction. Consequently, it is 
necessary to develop a new beam commissioning method, 
which can not only solve the problem of horizontal and ver-
tical beam corrections at the same time, but also complete 
the beam correction under limited information. Therefore, 
we studied the beam correction of the WALS BITL using 
machine learning algorithms and proposed the use of an 
invertible neural network (INN) model for beam correction 
of the WALS BITL.

3 � Invertible neural network model

With the continuous progress of artificial intelligence, 
machine learning systems have developed rapidly  [42]. 
An increasing number of researchers are attempting 
to use machine learning technology for cutting-edge 
research [43–46], especially in physics [47–50]. Applica-
tions of machine learning technology in beam commission-
ing are also under rapid development in the field of particle 
accelerators.

3.1 � Network structure for the WALS BITL

At present, machine learning algorithms are often used to 
design storage rings or study beam instabilities, where the 
number of hidden layers of neural networks designed gen-
erally ranges from one to three, while the number of nodes 
ranges from tens to thousands. Multi-objective genetic algo-
rithms [51, 52] are typically applied to find the best working 
point of each component of particle accelerators. In our case, 
beam transport at the WALS BITL is unidirectional, there 
are few adjustable components, and the three-stage beam-
line design is highly specific. Therefore, it is necessary to 
design a unique neural network model for beam correction 
at the WALS BITL. There are 30 quadrupole magnets that 
can be adjusted and limited locations to place beam profile 
monitoring systems for diagnostics along the BITL. It is 
expected that the neural network can determine the K-values 
of quadrupoles to provide the required horizontal beam sizes 
( �x ) and vertical beam sizes ( �y ) at the beam profile monitor-
ing systems.

In the beam transfer line, it is known that the forward 
process from the magnet K-values to the beam sizes � is 
accurately defined; however, the inverse process from the 
beam sizes � to the magnet K-values is underdetermined, 

Fig. 5   (Color online) Global correction method: beam optics func-
tions before correction. a represents �

x
 before optical correction; b 

represents �
y
 before optical correction; c represents �

x
 before optical 

correction; and d represents �
y
 before optical correction

Fig. 6   (Color online) Global correction method: beam optics func-
tions after correction. a represents �

x
 after optical correction; b rep-

resents �
y
 after optical correction; c represents �

x
 after optical correc-

tion; and d represents �
y
 after optical correction
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and there is even the possibility of a “many-to-one” solu-
tion. Therefore, an INN model was designed to correct the 
beam at the WALS BITL. Through the forward learning of 
the network model, the K-values of quadrupole magnets 
can predict the beam sizes, whereas through the invertible 
mapping of the network model, the K-values of 30 quad-
rupole magnets corresponding to the expected beam sizes 
can also be predicted. The network can not only realize the 
forward prediction from the magnet K-values to the beam 
sizes but also realize the inverse prediction from the beam 
sizes to the K-values of the quadrupole magnets, with the 
inverse prediction being based on the forward prediction. 
The forward learning process is in accordance with the 
physical nature of the beam dynamics along the WALS 
BITL, and the inverse prediction results are also highly 
accurate. Therefore, this method is efficient for the actual 
beam commissioning of the WALS BITL.

The beam size was considered as a learning feature for 
the following reasons: (1) It can be easily collected from 
beam profiles; (2) to ensure that the electrons are effi-
ciently transported and not lost, beam size is the primary 
objective of beam commissioning; (3) as the storage ring 
has strict requirements on beam dispersion when inject-
ing the electron beam, the dispersion function is also an 
important correction target. The beta function and other 
optical parameters should also be considered, as shown in 
Eq. 1, where the beam size is determined by the beta func-
tion and the dispersion function. Considering the actual 
situation of the WALS BITL, in order to save beam diag-
nostic elements to the greatest extent, the beam size is 
selected, which can be expressed as

where �i is the beam size, �i is the beta function, �i is the 
beam emittance, �i is the dispersion function, and �e is the 
energy spread (i refers to the horizontal or vertical direc-
tion). As shown in the equation, the beam size changes along 
with the beta function and dispersion function when the 
beam emittance and energy spread are constant.

The Adam optimization algorithm was introduced as an 
optimizer. The Adam optimization algorithm differs from 
the common stochastic gradient descent algorithm. It com-
bines an adaptive learning rate and a momentum approach 
to efficiently and automatically adjust the learning rate and 
the speed of parameter updates during the training process. 
The back-propagation algorithm was chosen to compute the 
gradient of the function. Compared with forward propaga-
tion, which transmits the input data forward to the output 
layer, back-propagation is based on the chain rule, which 
finds the partial derivatives of all parameters and passes 
them backward, and constantly adjusts the weights and 
biases of the network so that the neural network model can 

(1)�2
i
= �i�i +

(

�i�e
)2
,

better fit the data and improve the generalization ability of 
the model [39].

Machine learning techniques are typically applied to 
accelerator physics using an artificial neural network 
(ANN). However, considering the unique characteristics of 
the WALS BITL, an INN model is selected. Because the 
electron beam motion in the transfer line is unidirectional, 
it is possible that multiple quadrupole magnet combinations 
correspond to the same beam size. Therefore, the main goal 
of this study is to quickly obtain a feasible combination of 
K-values of quadrupole magnets based on the given target 
beam sizes. The INN model is very suitable for this pur-
pose because its forward learning process can simulate beam 
transport more accurately, and its inverse prediction process 
can quickly obtain a feasible K-value combination.

3.2 � Beam correction process

The overall learning process of the INN model is shown in 
Fig. 7. There are mainly 5 steps from Fig. 7a to c. In Fig. 7a, 
Step 1, the AT toolbox of MATLAB is used to model the 
transfer line, where the injection parameter errors from the 
LINAC and magnet installation errors are randomly gener-
ated within the error ranges to establish error seeds; Step 2, 
the beam orbit is corrected with HVC magnets in the simu-
lation (in reality, orbit correction can be completed in the 
transfer line without machine learning); Step 3, multiple 
sets of quadrupole magnet K-values are randomly gener-
ated for each error seed, and the horizontal ( �x ) and vertical 
( �y ) beam sizes simulated by AT (or measured during actual 
beam commissioning) at each profile are collected. K-values 
and beam sizes are treated as input x and output y, respec-
tively, to form a dataset for learning (the ratio of training 
set, validation set, and test set is 4:1:1.25). In Fig. 7b, Step 
4, the model is preliminarily trained with error seed No. 1, 
and the network structure and related hyperparameters are 
continuously adjusted to design the most reasonable model. 
At Step 5 as shown in Fig. 7c, the model usability is verified: 
The dataset made using the error seed is learned and pre-
dicted; if the prediction result is reasonable, this error seed 
is replaced by the next one. If it is unreasonable, the hyper-
parameters of the model are reset until the 10 error seeds 
can be reasonably predicted. Subsequently, the INN model 
is considered to have a reasonable structure and sufficient 
usability, and the beam transfer line can be corrected in the 
simulation. The R2 (coefficient of determination) is selected 
as the criterion for judging the rationality of the prediction 
results. When the average value of the forward prediction R2 
is greater than 0.90 and the average value of the inverse pre-
diction R2 is greater than 0.85, the INN model structure and 
hyperparameters are considered to be well designed. When 
these criteria are met, the INN model is used to correct the 
WALS BITL under the ten error seeds.
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3.3 � Optimization of beam profile monitoring 
system settings

There are approximately ten locations where beam profile 
monitoring systems can be installed in the WALS BITL, 
defined as No. 1 to No. 10 from the beginning to the end of 
the beamline. The specific distribution of locations is indi-
cated in Fig. 1 with arrows. To save space and cost, the num-
ber of beam profiles should be reduced as much as possible, 
while ensuring sufficient beam correction accuracy. An opti-
mization was performed using the ideal error-free WALS 
BITL, starting from Step 3, as shown in Fig. 7a. Table 1 lists 
the R2 values for different profile numbers. Beginning with 
a total of ten beam profile monitoring systems, the number 
was continuously reduced to allow for comparisons.

Because the model uses the Adam optimizer, there are 
some fluctuations in R2 values under this scheme. As shown 
in Table 1, when the number of profiles is reduced to five, 

the inverse prediction R2 value drops sharply. The fewer 
profiles used, the fewer points can be observed, and less 
data can be learned by the model. Considering the practical 
requirements of the model and the cost of the devices, the 
number of profiles was finally determined to be six. Consid-
ering that the application of the final model is to predict the 
quadrupole magnet K-values according to the desired beam 
sizes, a beam profile monitoring system must be placed in 
position No. 10 behind the last quadrupole magnet. Because 
positions No. 1, No. 2, No. 3, and No. 4 are quite close to 
each other, and there are only a few quadrupole magnets 
nearby, one or two representatives should be sufficient for 
these four positions. Based on this, comparisons were car-
ried out between various combinations of six profile loca-
tions, as listed in Table 2. Finally, positions No. 1, No. 4, 
No. 5, No. 6, No. 8, and No. 10 were selected to ensure that 
the R2 value was sufficiently good.

3.4 � Preparation of datasets

The errors mainly considered in the WALS BITL include 
injection errors at the start point of the BITL, for example, 
Twiss parameter and position errors, magnet installation 
errors, and magnetic field errors of dipoles and quadru-
poles. Using the MATLAB AT toolbox, the correspond-
ing ten error seeds were randomly generated. For each 
error seed, a dataset was produced for the neural network 
model to learn, wherein the input x is the K-values of the 
quadrupole magnets, and the output y is the horizontal 
and vertical beam sizes at the six beam profile monitoring 

Fig. 7   (Color online) Learning flowchart of the neural network system

Table 1   Comparison of the R2 values with different numbers of beam 
profile monitoring systems

Profile number (position) Forward predic-
tion R2

Inverse 
prediction 
R
2

10 (all) 0.9662 0.8442
8 (1-2-4-6-7-8-9-10) 0.9391 0.8296
7 (1-2-4-6-8-9-10) 0.9423 0.6797
6 (2-5-7-8-9-10) 0.9441 0.6933
5 (1-5-7-9-10) 0.9111 0.1817
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systems. Each dataset contains 10,000 groups of x and 
y. The ranges of the aforementioned errors are listed in 
Tables 3–6. Specifically, Tables 3 and 4 show the posi-
tioning and Twiss parameter error ranges of the injected 
beam from the LINAC. Table 5 lists the installation error 
ranges of the dipole and quadrupole magnets. Table 6 lists 
the magnetic field error ranges of the dipoles and quadru-
poles. The ten random error seeds were generated within 
the error ranges listed in Tables 3–6. For each error seed, 
a dataset containing the K-values of the quadrupoles was 
produced for the neural network model based on the values 
listed in Table 6.

Ten random error seeds were selected to verify whether 
the model structure and hyperparameter settings of the INN 
model were appropriate. If the model can successfully cor-
rect the beam under ten different error seeds, it also proves 
that the model has good versatility.

3.5 � Design of the network structure

After comprehensive consideration, an INN model with 
eight affine coupling modules has been designed, in which 
the ReLU activation function is applied, and the Adam and 
back-propagation algorithms are introduced. Figure 8 shows 
a schematic of the neural network structure.

3.6 � Training results

The prediction results of the test set were visually analyzed, 
where the true value of the beam size and the predicted val-
ues of both the forward and inverse processes were com-
pared. The Box-plot [53] was applied for visual analysis. 
The Box-plot can clearly and concisely display the quartiles 
of the data and, hence, reflect the distribution of data more 
realistically. As can be seen from Fig. 9, for the beam size, 
the median error was not more than 0.015 mm between the 
forward, inverse, and true values, whereas 75% and 25% 
of the data, as well as the maximum and minimum values, 
were almost symmetrically distributed on both sides of the 
median.

For the forward prediction, the result of �3_y is approxi-
mately 0.015 mm larger than the inverse and true values. 
However, the model is eventually used for inverse predic-
tion, so the difference between the inverse process and the 
true value is more relevant. As can be seen, the difference 
between the data distributions of the inverse-predicted value 
and the true value is negligible for each beam profile moni-
toring system.

Figure 10 compares the prediction and true values of 
the beam sizes at the first and last beam profile monitor-
ing locations. Each point in the figure corresponds to an 
individual in the test set. From Fig. 10, the minor deviations 
between the true and predicted values are more transparent 
and informative.

Table 2   Comparison between various combinations of 6 beam profile 
monitoring system positions

Profile position Forward prediction R2 Inverse 
prediction 
R
2

2-5-7-8-9-10 0.8328 0.7317
1-3-5-7-9-10 0.9146 0.5795
1-4-6-8-9-10 0.9395 0.6994
1-5-6-8-9-10 0.9394 0.8372
1-4-5-6-8-10 0.9290 0.9255

Table 3   Assumed positioning errors of the injected beam from the 
LINAC

Direction Distance (mm) Angle (mrad)

Horizontal ±0.5 ±0.3

Vertical ±0.5 ±0.3

Table 4   Assumed Twiss 
parameter errors of the injected 
beam from the LINAC

Direction � (%) � � (m)

Horizontal ±30 ±0.3 ±0.03

Vertical ±30 ±0.3 ±0.03

Table 5   Assumed installation errors of dipoles and quadrupoles in the WALS BITL

Magnet type Horizontal instal-
lation (mm)

Vertical installa-
tion (mm)

Longitudinal instal-
lation (mm)

Rotation in the 
x-direction (mrad)

Rotation in the 
y-direction (mrad)

Rotation in 
the z-direction 
(mrad)

Dipole ±0.5 ±0.2 ±0.5 ±0.5 ±0.5 ±0.2

Quadrupole ±0.2 ±0.2 ±1.0 ±0.5 ±0.5 ±0.5

Table 6   Assumed magnetic 
field errors of dipoles and 
quadrupoles in the WALS BITL

Magnet type Magnetic 
field error 
(%)

Dipole ±0.1

Quadrupole ±0.2
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Fig. 8   (Color online) Diagram 
of the neural network structure

Fig. 9   (Color online) Comparisons of beam sizes between the true values and predicted values at the 6 beam profile monitoring systems
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4 � Verification

Because the WALS BITL has not been constructed yet, 
MATLAB was used to model it for virtual verification.

Figure 11 shows a comparison of the beam parameters 
before and after correction using the INN model with an 
error seed and ±1 % field error of quadrupoles. The solid 
colored lines represent the dispersion function and beam 
size under the aforementioned errors, whereas the dark blue 
dotted lines marked with circles show the corrected beam 
parameters using the INN model. As can be seen in Fig. 11, 
both the dispersion function and beam size were well cor-
rected. At the exit of the transfer line, the horizontal and 
vertical dispersions were 0.03 m, the horizontal beam size 
was 0.14 mm, and the vertical beam size was 0.12 mm.

Table 7 lists a comparison of the beam sizes between 
the expected and corrected values using the INN. The input 
values refer to the beam sizes expected and imported into 
the INN model. Based on the input values, the INN model 
predicts the K-values directly, and the corrected beam sizes 
are calculated by MATLAB using the WALS BITL with 
the predicted K-values from the INN. The corrected beam 

Fig. 10   (Color online) Comparison of predicted and true beam sizes 
at the first and the last beam profile monitoring systems. “Calculated 
by AT” represents the true value, “Predicted by INN forward” repre-

sents the predicted value (forward), and “Predicted by INN inverse” 
represents the predicted value (inverse)

Fig. 11   (Color online) Beam dispersion function and beam size 
before and after correction using the INN model under errors. The 
solid colorful lines represent results before correction, while the dash-
dotted lines are results after correction
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sizes were very close to the expected values. Figure 11 and 
Table 7 further verify the accuracy of the INN model.

Figure 12 shows the beam dispersion function and beam 
size after correction using the INN model for ten error seeds. 
The dashed blue curves represent the theoretical or ideal 
beam parameters along the transfer line without error. The 
solid colored curves show the corrected results using the 
INN model under the ten error seeds. As can be seen from 
Fig. 12, the corrected dispersion function and beam size are 
close to the ideal conditions. The dispersion function at the 
exit of the transfer line is within 0.15 m, and the beam size 
can be corrected to be within 0.3 mm.

By comparing Fig. 12 and Fig. 6 , it is found that in the 
x-direction, the global correction method corrects the disper-
sion function at the endpoint to within 0.01 m, whereas 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 to close to 0 m, while the INN model corrects it 
to within 0.15 m. Both methods meet the correction require-
ment of 0.2 m. Although the global correction method can 
achieve more precise correction effects in simulation envi-
ronments, this method is limited to simulations because it 
requires more beam information than what can be provided 

by actual beam diagnostic systems. In contrast, the INN 
model is specifically designed for practical beam correction 
applications and can effectively utilize limited beam diag-
nostic information for correction. This capability for practi-
cal application makes the INN model more advantageous 
in actual operations, especially when beam information is 
limited. Therefore, despite the global correction method’s 
excellent performance in simulations, the feasibility and 
flexibility of the INN model in practical applications make 
it a more practical choice.

5 � Method analysis

The code programming of the INN model designed in this 
study is based on previous work [54]. The following is an 
analysis of the method applied to the WALS BITL. Section 5.1 
introduces the dynamic relationships in the WALS BITL and 
analyzes the mathematical relationships of the INN model 
applied to the WALS BITL. Section 5.2 provides a detailed 
description of the considerations for selecting the loss function 
in neural networks, with Table 8 summarizing the hyperpa-
rameters used in the final model. Section 5.3 introduces the 
R2 metric and the steps for evaluating the model.

Table 7   Comparison of beam 
sizes between the expected 
values and the corrected values

Value type Direction �
1
 (mm) �

2
 (mm) �

3
 (mm) �

4
 (mm) �

5
 (mm) �

6
 (mm)

Input x 0.7546 0.1630 0.0667 0.1406 0.2107 0.9885
y 0.1145 0.1359 0.9122 0.0928 0.1785 0.1049

Corrected x 0.7528 0.1623 0.0729 0.1500 0.2127 0.9956
y 0.1153 0.1364 0.9108 0.0932 0.1812 0.1040

Fig. 12   (Color online) Beam dispersion function and beam size after 
correction using the INN model for ten error seeds. The solid colorful 
lines represent results after the INN correction, while the dash-dotted 
lines represent ideal values required

Table 8   Configurable parameters of the INN model

INN model parameter configuration of the WALS BITL

Data preprocessing x ∈ [0,1]
y ∈ [0,1]

Potential spatial distribution dimension I = 1

Loss function weights �
MSE

 = 50
�
r
 = 10

�� = 1
�
k
 = 50

�
I
 = 50

Optimization algorithm Adam
Activation function ReLU function
Number of trainable parameters 137792
Number of affine coupling blocks 8
Learning rate 0.002
Sample batch size 32
Epochs 50
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5.1 � Dynamic relationships

The dynamic equations for the particle beam and the quadru-
pole magnet K-values at the WALS injection transfer line are

where K represents the value of the quadrupole magnet, d ∈ 
D represents the location in the beamline, function f̂  repre-
sents the transfer line model, and 𝜎̂ represents the electron 
beam size at location d.

The INN model generally requires that the input and output 
data dimensions be equal. However, for the problem discussed 
in this study, the input data dimension is 30, whereas the out-
put data dimension is 12, which are unequal; therefore, it is 
necessary to compensate for the data dimensions. Here, we 
define the total data dimension as A. Because the solution of 
the inverse problem is not unique, and there is a possibility of 
many-to-one solutions, when solving, it is not only mapped 
to the pre-designed values but also mapped to a prospective 
spatial distribution (I) that has been learned. By randomly 
sampling in I, the model constantly attempts to find the most 
suitable distribution value to complete the optimal solution 
of the inverse problem [54]. The total dimension A can be 
described as

where xpad is the complementary dimension of the input 
data and ypad is the complementary dimension of the output 
data. I is the potential spatial distribution dimension. For 
this paper, only the dimensionality of the output data is sup-
plemented, so the mathematical expression of the forward 
prediction of the physical model for the transfer line is

The mathematical expression for the inverse prediction of 
the transfer line is

(2)f̂ ∶ DK⃗ × D → D𝜎⃗ ,

(3)f̂ (k⃗, d) = 𝜎̂(d),

(4)
A = dim (K) + 1 + dim

(

xpad
)

= dim (�) + dim
(

ypad
)

+ I,

(5)f̂ ∶ DK⃗ × D → D𝜎⃗ × Ddim (ypad) × DI ,

(6)f̂ (k⃗, d) = (𝜎̂(d), dim(ypad), I).

(7)f̂ −1 ∶ D𝜎⃗ × Ddim (ypad) × DI
→ DK⃗ × D,

(8)f̂ −1(𝜎̂(d), dim(ypad), I) = (k⃗, d).

5.2 � Loss function

The definition of the loss function during training consists 
of five components: the mean square error LMSE between the 
predicted output and the true value of the model, the mean 
square error L of the complementary dimensions of the out-
put data, the reconstruction error Lr to reduce the influence 
of small perturbations ( � ) on the reverse prediction, Lk which 
is used to ensure that the sampled magnet K-values follow 
the same distribution as the dataset, and LI which is used to 
ensure that the potential spatial distribution DI follows the 
desired one. The expression for the loss function is

where �MSE , �r , �� , �k , and �I denote the weighting coef-
ficients of the corresponding loss terms.

The mean square error (MSE) equation and the recon-
struction error equation are given by

In the above equations, n is the total number of adjustable 
quadrupole magnets in each sample, which is 30. Table 8 
shows the other detailed data configurations corresponding 
to the INN model.

5.3 � Evaluation metrics

At the end of the transfer line, the beam size is determined 
by all the quadrupole magnets in the entire beamline (the 
dipoles also have an influence, which is ignored here); 
therefore, in the inverse prediction, simply comparing the 
predicted value with the true value cannot truly reflect the 
accuracy of the model. Therefore, R2 was chosen as the eval-
uation metric. The value range of R2 is between 0 and 1, and 
the closer it is to 1, the higher the prediction accuracy of the 
model is. R2 is expressed as

where yi is the true value, ȳi is the mean of the true values, 
and ŷi is the predicted value.

The steps for evaluating the model are as follows: (1) 
The model makes a forward prediction of the validation 
set and obtains the forward prediction � value correspond-
ing to the K-values of the quadrupole magnets (true K 

(9)Lall = �MSELMSE + �rLr + ��L� + �kLk + �ILI ,

(10)MSE =
1

n

n
∑

i=1

(yi − ŷi)
2,

(11)Lr =

n
∑

i=1

(

f̂ −1
(

f̂ (ki, di) + 𝛿
)

− ki
)2
.

(12)R2 = 1 −

∑

i(ŷi − yi)
2

∑

i(ȳi − yi)
2
,
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values); (2) the true � values and the forward predictions 
of � are used to calculate the R2 of the forward predic-
tion; (3) the model makes an inverse prediction of the 
validation set and obtains the K-values of the quadrupole 
magnets predicted from the true � s; (4) the model makes 
a forward prediction using the K-values of the quadru-
pole magnets obtained from the inverse prediction and 
obtains the � values of the inverse prediction; (5) the true 
� values and the � values of the inverse prediction are 
used to calculate R2 of the inverse prediction. Figure 13 
shows the specific steps. Among them, the “Inverse pre-
diction-� ” obtained by the “Pending K-value” after the 
forward prediction represents the predicted � value of the 
whole inverse prediction process.

After adequate testing, the value of R2 can reach a 
maximum of approximately 0.96 for forward prediction 
and approximately 0.93 for inverse prediction. From both 
the corrected Twiss parameters and beam sizes and the 
R2 value, the feasibility of this INN model for the beam 
correction study of the WALS BITL can be confirmed. 
Table 9 lists the R2 data for one error seed. As shown 
in the table, the average forward prediction R̄2 reaches 
0.9483, and for the inverse prediction, R̄2 reaches 0.9342.

6 � Conclusion

An invertible neural network (INN) model was designed 
using a machine learning algorithm to optimize beam cor-
rection for the WALS BITL. The method was proved to be 
feasible, and the beam correction results were remarkable in 
the simulations. Owing to the unique “three-stage” design of 
the WALS BITL, the INN algorithm can solve the problem 
of simultaneous beam correction in both horizontal and ver-
tical planes, as well as the beam correction difficulty caused 
by the lack of beam information under limited measurement 
points. The final design of the INN model not only real-
izes the forward prediction from the magnet K-values to the 
beam sizes � , but also realizes the inverse prediction from 
the beam sizes � to the K-values of the quadrupole magnets. 
The MATLAB AT toolbox was used to model the transfer 
line, collect beam-related data, verify the inverse predic-
tion results of the INN model, and successfully demonstrate 
the commissioning optimization of the WALS BITL in the 
simulation. This method can provide practical guidance 
for the actual beam correction process. In the future, we 
will further explore the possibility of designing an appro-
priate INN model with a reduced number of beam profile 
monitoring systems in the beamline to reduce construction 
costs. This method will be applied in practice during the 

Fig. 13   Flowchart for evaluating 
the INN model of the WALS 
BITL

Table 9   R2 values for the INN 
model predictions

Direction �
1

�
2

�
3

�
4

�
5

�
6

Average value

Forward x 0.9637 0.9600 0.9006 0.9178 0.9613 0.9381 0.9403
y 0.9761 0.9768 0.9099 0.9578 0.9581 0.9584 0.9562

Inverse x 0.8618 0.9558 0.9730 0.9570 0.9594 0.8488 0.9260
y 0.8803 0.9224 0.9584 0.9506 0.9631 0.9787 0.9423



	 H. Wang et al.135  Page 14 of 15

construction and commissioning of the WALS BITL. In this 
study, a machine learning algorithm was used to correct the 
beam of the WALS BITL, and the strategy may be applied 
to similar accelerator physics problems in other facilities.
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