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Closed orbit correction is the initial step in error correction, and its results significantly influence
subsequent correction of higher-order errors. This is particularly important for an steady state micro-
bunching (SSMB) storage ring, where both the transverse dimensions approach the diffraction limit and the
longitudinal length is on the order of hundreds of nanometers. The precision and speed of closed orbit
correction are essential for achieving high average power and high brightness radiation in the SSMB
storage ring. Here, we introduce a new model to address this issue. Our model integrates the attention
mechanism with convolutional neural network (CNN). This combination enables the model to capture both
global dependencies and local patterns. Furthermore, we considered the effects of various error
distributions on the lattice optics function. By incorporating diverse error scenarios into the training
dataset, we enhance the model’s robustness. Through simulations of the SSMB storage ring, we compared
the correction results of our model with the singular value decomposition method. It achieves the desired
residual closed orbit after only two iterations and shows encouraging correction outcomes across various
error distributions. We tested the stability of our model by adjusting the strengths of specific correctors and
incorporating beam position monitor (BPM) noise. Additionally, to address the issue of BPM failures, we
integrated a Gaussian process model to ensure that our correction process remains effective even when
BPMs malfunction.
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I. INTRODUCTION particle accelerators, the beam orbit inevitably deviates
from the ideal orbit due to magnet errors and alignment
errors, resulting in closed orbit distortion (COD). These
distortions can adversely affect the beam dynamics,
degrade the beam quality and lifetime, and limit overall
light source performance. Therefore, closed orbit correction
1s fundamental to error correction in the accelerator, and
implementing effective closed orbit correction techniques is
a critical task for optimizing accelerator operation. Studies
on potential schemes for stabilizing the beam in a storage
ring were conducted as early as the 1980s [5,6]. The
conventional closed orbit correction method employs a
response matrix and the singular value decomposition
(SVD) algorithm [7,8]. Additionally, the closed orbit
correction module in software such as ELEGANT [9] is also
based on this approach.

The response matrix represents a linear mapping between
the change in COD and the corrector strength (6). The
equation is given by AX = R#, where R denotes the response
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The synchrotron light source is one of the most powerful
tools in modern science and technology. It has already
evolved from first-generation to fourth-generation, and the
transverse emittance of the beam has been progressively
reduced to the diffraction limit to provide highly brilliant
and stable synchrotron radiation. Notably, in the steady
state microbunching (SSMB) [1-4] storage ring scheme,
the beam exhibits not only a small transverse emittance but
also a very short longitudinal bunch length, which presents
the potential to deliver a high-power light source for
extreme ultraviolet lithography. To achieve high brightness
and high average power, it is essential to ensure high orbit
stability to meet the demands of these light sources. In
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where i represents the index of the beam position monitor
(BPM), j indicates the index of the corrector, 3 represents the
beta function, # signifies the dispersion function, «,. is the
momentum compaction factor, L refers to the ring circum-
ference, y is the betatron phase advance, and v represents the
working point. Additionally, because of the COD, there
exists a discrepancy between the circumference of the actual
orbit and that of the ideal orbit, leading to longitudinal
asynchrony. To address this issue, the second term that
includes the dispersion function is necessary to maintain the
synchronization condition, meaning that the actual orbit
circumference matches that of the ideal orbit.

In a storage ring, the number of BPMs is typically
different from the number of correctors. This discrepancy
results in a nonsquare matrix R. To process this nonsquare
response matrix, the singular value decomposition (SVD)
algorithm is employed. By this method, the matrix R can be
expressed as R = USV’, where U and V are unitary
matrices of dimensions N x N and M x M, respectively,
and § is a diagonal matrix of size N x M. This formulation
allows us to calculate the pseudoinverse matrix as
R~ = VS~'UT. Consequently, the strength of the correc-
tors can be expressed as

0 =—-VSTUTAX. 2)

Although the SVD method is relatively straightforward, it
has certain limitations in practical applications. The
response matrix provides only a linear approximation of
the relationship between the correctors and the BPMs in the
current state of the storage ring. In reality, accelerator
systems often exhibit nonlinear behaviors that are not
adequately captured by the linear model, leading to
inevitable discrepancies between the ideal linear matrix
and the measured response matrix. To ensure accurate
correction, it is generally necessary to measure the actual
response matrix, and the SVD method requires multiple
iterations to converge on the ground truth. This makes
closed orbit correction a time-consuming and tedious
process. To address these limitations, more advanced orbit
correction techniques based on machine learning [11-16]
have gained attention in recent years. These approaches are
better equipped to capture the nonlinear dynamics of
accelerators, potentially offering more accurate and robust
solutions for orbit correction.

The SSMB storage rings require more precise and rapid
closed orbit correction techniques compared to traditional
accelerator facilities. In the SSMB storage ring, the beam
not only achieves a diffraction-limited condition in the
transverse direction but also possesses a very short longi-
tudinal length of less than 100 nm. Traditional rf modu-
lation has been replaced by a laser, while the modulation
wavelength is 1 pm. Furthermore, the momentum com-
paction factor of the ring is extremely small, on the order of
1 x 107°. Therefore, precise closed orbit control is crucial

to ensure longitudinal synchronization. Due to the extreme
parameters of the SSMB storage ring, the impact of errors
on the optics functions is particularly pronounced.

The measured response matrix consists of three compo-
nents. The primary component is the linear response of the
ideal model itself. The other two components result from the
inherent nonlinearities of the magnets and the additional
effects caused by the nonzero closed orbit at the locations of
the quadrupole and sextupole magnets due to various errors.
In the context of our SSMB storage ring, the introduction of
errors significantly exacerbates the CODs. The additional
effects generated at the quadrupole and sextupole magnet
locations cause nonlinear discrepancies between the mea-
sured response matrix and the ideal response matrix.

Our objective is to develop an algorithm for rapid closed
orbit correction that effectively addresses errors associated
with magnets, including magnet strength, alignment, and
rotation. To achieve this, we utilized the encoder compo-
nent of the transformer [17] architecture, supplemented by
a convolutional neural network [18] for feature extraction.
This approach enabled us to train a model capable of
executing rapid and precise corrections for COD resulting
from various types of errors.

This paper is organized as follows. Section II introduces
the architecture of the model employed in this study, along
with the theoretical foundation of the multihead self-
attention. Section III details the hyperparameter settings
and training results, as well as a comparison of our model
with the SVD method regarding closed orbit correction. We
conducted tests to evaluate the stability of our model.
Additionally, we addressed the impact of faulty BPMs on
the correction process by incorporating an additional
Gaussian process model. Section IV summarizes our work
and outlines future perspectives.

II. METHODS

From Eq. (1), we can see that COD differs from typical
sequential data in several key characteristics. First, COD
represents a stable periodic solution, indicating that errors
will impact both downstream and upstream processes.
Additionally, COD at various positions is determined by
the beta function and the cosine of the phase advance.
Notably, COD does not attenuate with distance, indicating
that it exhibits characteristics of long-range dependencies.
Furthermore, when different error sources contribute to the
COD, their effects can combine, resulting in the emergence
of localized features in the distortion pattern.

This requires our model not only to capture local features
but also to have a stronger capability for global feature
extraction. Common models for handling sequential data
include recurrent neural networks (RNNs) [19], gated
recurrent neural networks [20], long short-term memory
networks (LSTMs) [21], and attention mechanism [22-24].
The encoder-decoder architecture [25] is a widely used
structure for processing sequential data. The attention
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mechanism, particularly transformer, is better suited than
RNN and LSTM to capture the global features of sequen-
ces, making it more appropriate for feature extraction in
long sequences.

In the transformer model, multihead self-attention serves
as the core component, ensuring effective global feature
extraction from extended sequences. Therefore, we adopted
the encoder part of the transformer architecture as the
foundational framework of our model. Additionally, we
incorporated convolutional layers to enhance the model’s
ability to extract local features. The integration of convolu-
tional layers with attention models has been explored in
[26-28]. By combining the convolutional layers with the
transformer’s encoder module, we ensure that the model is
well-equipped to capture both local and global features,
resulting in more reliable closed orbit correction.

The following part will explore the concepts of self-
attention and multihead attention. Subsequently, we will
outline the overall framework of our network, detailing the
flow of data through the network and the changes in
dimensions at each stage.

A. Self-attention

Self-attention is a particular type of attention mechanism
[29]. The attention mechanism employs key-value pairs to
map a query sequence to an output. The output is calculated
as a weighted sum of the values, with the weights
determined by the similarity between the query and the
corresponding keys.

The compatibility between the queries and the keys
represents the concept of attention. This method allows the
model to focus on the relevant parts of the input data and
adjust its output based on the significance of various
elements relative to the query. This enhances the model’s
ability to identify meaningful patterns and relationships
within the data.

There are several methods for calculating attention,
including context-based attention, additive attention, dot-
product attention, and scaled dot-product attention. In the
transformer architecture, scaled dot-product attention is
utilized.

To calculate the scaled dot-product attention, the input
consists of queries Q and keys K of dimension dj, and
values V of dimension d,. For instance, in the context of
closed orbit correction, Q represents the closed orbit
distortion that needs to be corrected, while K and V denote
the closed orbit distortions and their corresponding cor-
rector strengths in the dataset, respectively.

First, compute the dot products of the queries with all
keys, which are then divided by the scaling factor \/d to
prevent excessively large values. Next, the softmax func-
tion is applied to normalize these scores, yielding the
attention weights corresponding to each key. Finally, these
weights are utilized to perform a weighted sum of the
values, resulting in the output of the attention mechanism.

Attention(Q, K, V) = soft <QKT>V 3)
ention(Q, K, = softmax \/d_ .

In the attention mechanism, key-value pairs must be
provided as additional inputs. In this context, the key-value
pairs correspond to the existing dataset of COD and their
associated corrector strengths. When a new COD (query)
arises, we can compute attention relative to the existing COD
and correction magnet setting to derive the corresponding
output for the query. However, this typically necessitates
storing a sufficiently large number of key-value pairs to
ensure accurate predictions for any new query.

To eliminate the need to provide additional key-value
pairs, self-attention—sometimes referred to as intra-attention
—generates queries, keys, and values by multiplying the
input sequence by three weight matrices (W2, WK, W),

This process enables the model to compute attention
within the input sequence itself. Following the application
of attention calculations, the model can effectively learn the
internal features and the inherent relationships in the
sequence.

To learn more nuanced features, multihead attention
introduces multiple sets of weight matrices (WiQ, WK wY),
resulting in several attention heads. Each head can focus on
different aspects of the relationships within the sequence,
enabling the model to capture more complex features. By
aggregating the output of these multiple heads, the model
can achieve a richer representation of the input data,
thereby enhancing its ability to understand and process
intricate patterns and dependencies across the sequence.

In our model, multihead self-attention plays a crucial role
in accurately capturing the relationships between different
BPM readings, particularly in addressing long-range depend-
encies and global features, ultimately enhancing the model’s
ability to perform precise closed orbit corrections.

B. Improvement based on transformer

Figure 1 illustrates the structure of our model. In the
process of decoding the encoded BPM data to obtain the
corrector strength, we do not utilize the inherent decoder
structure of the transformer. Instead, we employed a
straightforward decoding method. We directly passed the
output from the encoder through two layers of a feedfor-
ward neural network to achieve the decoding and final
output.

Although the attention mechanism effectively captures the
global features of COD, it may not adequately emphasize the
periodic characteristics and local features. To address this
limitation, we employ a convolutional layer to extract its
local features. By adding the processed values back to the
original input data, we enhance the representation of periodic
and local features within the sequence. Subsequent experi-
ments have shown that our model can indeed sensitively
detect local features within the sequences.
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FIG. 1. Structure of our model. The core component of our
model consists of a convolutional layer and an encoder block
derived from the transformer architecture. The BPM readings first
undergo a one-dimensional convolutional layer, where local
features are extracted. These extracted features are then summed
with the original data before being passed into the embedding
layer. Following this, the model employs multihead self-attention
layers. Finally, the processed information is decoded through a
fully connected layer to produce the output of corrector strengths.

The input consists of BPM data with dimensions of
(N, Liy,d), where N, represents the batch size, L,
denotes the number of BPMs used for closed orbit
correction, and d indicates the number of features. Since
the BPM data encompass both the x direction and the y
direction, d is set to 2. Before embedding the input data, it
first passes through a one-dimensional convolutional layer
designed to extract local features and periodic features.

This convolutional layer employs two convolutional
kernels of size 1 x 3 and two of size 1 x 5. The padding
method used is circular padding, with padding sizes of 1
and 3, respectively, ensuring that the output sequence
length remains unchanged. The output of the convolutional
layer has dimensions of (N,, L;,,2d). After this, the array
is flattened, resulting in dimensions of (N,,L;, x 2d).

Subsequently, the flattened array is sent into a fully
connected layer, transforming the dimensions to (N,
L;, x d). Then, this output is reshaped back to (N,
L;,,d) and added to the original input. This facilitates
the integration of the extracted features with the initial data,
allowing the model to capture both global and local
information about the COD.

Next, the input data, which now incorporate both
periodic and local features, are passed through the input
embedding layer. This layer maps the low-dimensional data
into a higher-dimensional space, resulting in dimensions of
(N, Liy, D). To facilitate the attention mechanism in
extracting positional information, we add positional encod-
ing of the same dimension to the embedded input. This
positional encoding ensures that the model can effectively
recognize the order of the sequence elements, thus enhanc-
ing its understanding of the relationships among them.

Similar to the structure of the transformer, our model also
incorporates N multihead self-attention blocks. We set the
number of heads to 4, and reshape the input data dimen-
sions to (N, L;,, h, D/h). Each head processes the input
through three fully connected layers, each with dimensions
(D/h,D/h) to obtain the Q;, K;, and V; matrices. The
attention is then computed, and the outputs from different
heads are concatenated, resulting in an output with the
dimension of (N,,L;,, D). This output is subsequently
passed through a fully connected layer with dimensions
(D, D), added to the initial input via a residual connection
[30], and subjected to layer normalization [31].

Following this, the data are processed through two layers
of feedforward neural network with dimensions (D, nD)
and (nD, D), respectively, to extract features. Finally, a
residual connection and another layer normalization are
applied, resulting in an output dimension of (N,, L;,, D).

In the decoder part, the output is processed through two
layers of neural networks. The first layer has dimensions
(D,1), transforming the input data dimensions to
(Np, L;,, 1). The second layer has dimensions (L;,, L,,;),
resulting in an output dimension of (N,,L,,), which
corresponds to the predicted corrector strengths.

In our model, the input length L;, is set to 32 with a
dimension d = 2. The output length L,,, is 64 and batch
size N, is 32. The embedding dimension D is set to 64,
with & = 8 heads in the multihead attention mechanism.
The model comprises encoder blocks N = 6, the dimension
of the fully connected layer is nD = 256, and the final fully
connected output dimension is also 64.

ITI. RESULTS AND DISCUSSION

A. Data acquisition and training result

Training data are essential to train the machine learning
model, and the quality of these data directly influences the
model performance. To enable rapid and accurate correc-
tions for COD caused by magnet errors, we must collect a
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FIG. 2. An example layout of the SSMB superperiod cell and
its corresponding Twiss parameters. The blue, orange, and green
boxes represent dipoles, quadrupoles, and sextupoles, respec-
tively. The green flags represent BPMs. The deep green boxes
adjacent to the green flags represent the correctors.

substantial amount of data on COD generated by various
random errors within the range of magnet errors, along
with the corresponding corrector strengths required for
correction.

Due to limitations in the linear method, the SVD approach
may not reliably achieve stable closed orbit correction,
particularly when errors are significant. To ensure the
reliability of our dataset, we record only data for which
the residual closed orbit after correction is less than 1 nm. At
this threshold, we can consider the corresponding set of
corrector strengths as the optimal solution for the given
magnetic error. This approach guarantees that the data we use
for training our model are accurate and effective in address-
ing the complexities of COD.

We utilize the simulation software ELEGANT to generate
the dataset. ELEGANT allows us to introduce various errors
to each magnet in the storage ring and compute the
corresponding COD. Additionally, it can iteratively solve
the corrector strengths using the SVD method.

Figure 2 illustrates the layout of the SSMB superperiod
cell and its optics function. The SSMB storage ring consists
of 14 of these superperiod cells.

We introduce alignment errors and relative strength
errors to all 24 dipoles and 48 quadrupoles in the SSMB
storage ring using ELEGANT. The magnitudes of these errors
are detailed in Table I. When generating the training
dataset, BPM noise was not introduced.

When generating various error distributions, we utilize
different random seeds for each set of errors. This method
ensures that each data group is as distinct as possible from
the others, thus minimizing similarities among the datasets.
Furthermore, we ensure that the data in the training set
and the validation set are different, which is crucial for
accurately evaluating the model performance.

TABLE 1. Error settings for all dipoles and quadrupoles. All
errors conform to a Gaussian distribution, with the values
indicating the standard deviation of this distribution.

Element type Error type Value
Dipole Fractional strength error 1x107*
Dipole Roll error 0.1 mrad
Quadrupole Fractional strength error Ix107*
Quadrupole Misalignment (x/y) 10 pm/10 pm
Quadrupole Roll error 0.1 mrad
BPM BPM noise 1 pm

In the SSMB storage ring, 32 BPMs and 32 correctors
are used for closed orbit correction. Both the BPMs and the
correctors provide two outputs: the x and y signals. Using
ELEGANT, we can calculate the COD caused by these errors.
A response matrix is then employed to iteratively adjust the
corrector strengths. We set a maximum of 10 iterations.
The solution for the correction strengths after 10 iterations
ensures a very small residual closed orbit (specifically
below 1 nm). These corrector strengths represent the
optimal solution under the specific errors introduced.

Ultimately, we obtained 40,000 sets of training data, with
30,000 data points designated as the training set and 10,000
data points allocated for the validation set. The distributions
of the COD and the corrector strengths are illustrated
in Fig. 3.

Under error conditions, the COD can deviate by up to
several millimeters. In our injection scheme, the septum is
only a few millimeters away from the center. Such a
significant orbit distortion can directly lead to considerable
beam loss. Therefore, a rapid and effective corrections of
these severe CODs are crucial for the stable operation of the
SSMB storage ring.

Due to differences in the magnitude of the data collected
from ELEGANT, the data cannot be directly used for training.
The magnitude of the variations may differ significantly for
different BPMs and correctors due to their unique charac-
teristics and states. Therefore, it is essential to perform
standardized preprocessing. The formula for the standard
scaler is as follows: X = *~¥, where u represents the mean
of the samples and ¢ denotes the standard deviation of the
samples. This approach ensures that all training data are
reduced to the same range, which minimizes the impact of
large variance data, enhances the generalization ability of
our model, and optimizes the training result.

We also trained a multilayer perceptron (MLP) model and
an attention model without convolutional layers. The MLP
consists of six layers, structured similarly to an encoder-
decoder architecture. The number of neurons in each layer is
as follows: 512, 256, 128, 128, 256, and 512, respectively.
We employ the ReLLU function as the nonlinear activation
function. The hyperparameters for all three models were
optimized to achieve optimal performance. The training and
testing loss curves are illustrated in Fig. 4.
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FIG. 3.

Distribution of COD and corrector strengths in the dataset. (a) and (d) Depict the COD in the x and y directions. (b) and

(e) Present the corresponding optimal corrector strengths. (c) and (f) Display the probability density distributions of the COD and the

optimal corrector strengths, respectively.

After 1000 training epochs, all three models have
essentially converged, with the model that combines con-
volutional layers and attention mechanisms demonstrating
the best performance. For the simple MLP, the error rapidly
converged to approximately 0.3, indicating that its ability to
correct the issues encountered by our SSMB storage ring is
somewhat limited. This result underscores the need to
employ more complex network architectures to effectively
address problems involving multiple inputs and outputs
with significant nonlinearities. The attention model dem-
onstrates a significant improvement over the simple MLP,
indicating its effectiveness in addressing our problem.
Comparing the attention model with our combined

10°
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validation (ATT w/o CNN)
\ ——— train (NN)

N ‘ — validation (NN)

MSE Loss
=)
8
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N }.w“‘ )

0 500 1000

iteration

FIG. 4. Evolution of training and validation loss. The top two
curves represent the results from the simple MLP, while the
middle curves illustrate the performance of the attention model.
The bottom curves display the outcomes from the attention model
with convolutional layers.

convolutional and attention model reveals that incorporat-
ing convolutional layers further enhances performance.
This improvement confirms the model’s ability to extract
local features, which is essential for accurately capturing
the system’s complexities.

For our attention model with convolution layers, the initial
learning rate is set at 5 x 1073, and it decays by a factor of
0.98 after every 5 iterations. The batch size is 64, the
optimizer used is Adam, and the loss function is the mean
squared error (MSE). The maximum number of iterations is
set to 500. After reaching the maximum number of iterations,
we observed that the loss function for both the training and
the testing sets continued to fluctuate downward, albeit at a
decreasing rate. Consequently, we set the learning rate to
1 x 107>, disabled the learning rate decay, and proceeded
with an additional 500 training iterations. After 1000
iterations, the MSE loss in both the training and validation
sets converged to approximately 2 x 107#, with no signs of
overfitting.

B. Orbit correction simulation on SSMB

After training, we conducted simulations to evaluate the
performance of our model. We introduced random errors
into the storage ring to obtain the corresponding COD.
Using ELEGANT, we performed both single and 10 iteration
corrections, while using our model for the single correction.
We recorded the corrector strengths and the resulting closed
orbit for the three correction settings. The results of the 10
iterations of correction using ELEGANT served as the ground
truth for comparison, enabling us to evaluate the deviations
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FIG.5. Results of a single correction over 100 simulations. (a) and (d) Depict the COD before correction. (b) and (e) Show the residual

closed orbit after correction, with blue points representing the results from the SVD method and orange points from our model. (c) and
(f) Display the deviations between the corrector strengths and the optimal correction strengths.

between the single correction using the SVD method and
those of our model.

To ensure reliability, we used a different random seed
from those used for the previous dataset, while maintaining
error magnitudes consistent with dataset generation. We
conducted 100 simulations to test our model, incorporating
BPM noise in the simulations. The results are illustrated
in Fig. 5.

Compared to the COD before correction, our model
significantly reduced the residual closed orbit after a single
correction. In particular, the correction results obtained
from our model outperform those from the SVD method by
approximately an order of magnitude. This improvement is
also evident when examining the deviations of the corrector
strengths relative to the optimal solution, where the results
produced by our model are clearly closer to the ideal values
than those from the SVD method. This indicates that our
model not only achieves superior performance in reducing
COD but also enhances the precision of the correction
process.

To ensure that the residual COD has a variation of less
than 10% compared to the beam size, we performed an
additional correction based on the initial adjustment. To
estimate the beam size at different positions, we utilized the
parameter \/¢f3, where € is the emittance of the beam and f
is the beta function at the specified position. We then
compared the results of two iterations of correction using
the SVD method with the results obtained by using
our model.

The results of performing two iterations of correction are
presented in Fig. 6 and Table II. After two iterations of
correction, the result from our model remains an order of
magnitude smaller than those obtained from the SVD method.
From Table I, it is evident that the results obtained from two
iterations of the SVD method are only comparable to those
achieved by a single iteration of our model. This highlights the
efficiency of our approach, as it achieves similar or better
correction outcomes without the need for extensive iterative
corrections. Furthermore, following the two iterations of
correction, the maximum closed orbit for the model is less
than 10 pm, and the size of the closed orbit at each BPM
position varies by less than 10% relative to the beam size at
those positions, meeting the required specifications.

To ensure that the convolutional layers effectively
contribute to the model’s performance, we conducted an
experiment in which we disabled the convolutional layers.
We then compared the deviations between the predictions
and the true values with those obtained when the convolu-
tional layers were active. From Fig. 7, it is evident that
disabling the convolutional layers leads to a significant
increase in the deviation between the model’s output and
the true values. This observation further confirms that the
convolutional layers effectively enhance the model’s ability
to extract local features, which is crucial for accurately
capturing the underlying patterns in the data.

By integrating the attention mechanism with convolu-
tional layers, our network achieved superior training perfor-
mance compared to both a simple MLP and a basic attention
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FIG. 6. Results of two iterations of correction over 100 simulations. (a) and (d) Show the residual closed orbit after correction. (b) and
(e) Display the deviations between the corrector strengths and the optimal correction strengths. (c) and (f) Illustrate the relative bunch

size variation predicted by our model.

model. In cases of COD correction, our model demonstrates
better results than traditional methods, achieving calibration
objectives more quickly and producing corrector strengths
closer to optimal values. This improvement is expected to
contribute positively to the long-term stable operation of the
storage ring.

C. Test of model stability

For long-term operation of storage rings, the stability of
correction algorithms is especially critical. We primarily
consider the impact of BPM noise on correction results and
the potential for corrector saturation during long-term
operations.

In the SVD method, retaining smaller eigenvalues makes
the corrections more susceptible to BPM noise. This effect
can generally be mitigated by reducing the number of
retained eigenvalues. However, selecting too few eigenval-
ues can reduce the overall correction effectiveness.

Therefore, it is essential to strike a careful balance in
choosing the number of eigenvalues to retain.
Furthermore, during prolonged correction processes, the
strengths of the correctors can continuously accumulate,
potentially leading to saturation in certain correctors and
thereby affecting subsequent correction outcomes. Our
previous simulation results also indicate that the solutions
obtained using the SVD method significantly deviate from
the ideal solutions. This suggests that the SVD approach does
not fully utilize the most effective correctors. Consequently,
each correction iteration adjusts the strengths of all correc-
tors, increasing the likelihood of saturation over time. If the
model can focus on utilizing only the most effective
correctors at each correction step, it can ensure optimal
correction performance while simultaneously preventing
strength accumulation and saturation in other correctors.
To assess the impact of BPM noise, we generated 100
sets of closed orbit data. For each set, we repeated the
correction process 100 times, introducing a 1 pm error into

TABLE II. Peak-to-peak values of the COD observed at all BPMs, along with the differences between the corrector strengths and the
optimal strengths.

Peak-to-peak value COD, COD, AG, A0,
Before correction 4.36 mm 6.55 mm e e
Single iteration of SVD 1.56 mm 1.58 mm 0.254 mrad 0.183 mrad
Two iterations of SVD 0.154 mm 0.405 mm 0.256 mrad 0.184 mrad
Single iteration of our model 0.113 mm 0.183 mm 16.9 prad 12.6 prad
Two iterations of our model 11.4 pm 11.3 pm 14.1 prad 11.4 prad
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FIG. 7. Deviation between the predicted corrector strengths
generated by the model and the true values.

the BPM readings. We then calculated the standard
deviation of the corrector strengths resulting from the
BPM noise for each closed orbit. The standard deviations
of our model’s outputs were compared to those obtained
using the SVD method. The SVD method utilized half of
the available eigenvalues, a selection that typically does not
significantly affect correction effectiveness while simulta-
neously enhancing noise robustness.

The results, presented in Fig. 8, show that our model
demonstrates noise robustness at least comparable to the
SVD method and, in certain scenarios, outperforms it.
Compared to the SVD method, our model not only achieves
better correction results but also maintains robustness
without any degradation in performance.

To validate our model’s ability to prevent corrector
saturation, we randomly assigned some correctors a
strength of 0.1 mrad based on a Gaussian distribution,
while other correctors were set to zero. The resulting closed
orbit corresponds to the most effective correctors, which are
those with nonzero strengths. We evaluated the model’s
ability to prevent corrector saturation by calculating the
standard deviation of each corrector’s output relative to the
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FIG. 8. Comparison between our model and the SVD method

by applying random BPM noise to 100 sets of closed orbits. A
ratio of less than 1 indicates that our model demonstrates greater
noise resistance than the SVD method.

true values for both our model and the SVD method. We
conducted tests by randomly selecting 10%, 50%, and 90%
of the correctors, with the results shown in Fig. 9.

The findings indicate that our model’s predictions for all
correctors are closer to the true values compared to the SVD
method. Specifically, when using 10% of the correctors, the
standard deviation of our model’s predictions is approx-
imately 0.03 mrad, significantly lower than the 0.1 mrad
standard deviation of the corrector strengths. When using
90% of the correctors, our model still demonstrates
superiority over the SVD method. This finding confirms
that our model consistently selects the most effective
correctors for each correction, thereby avoiding saturation
issues associated with other correctors.

D. Test of faulty BPMs

Inlarge facilities, numerous BPMs and correctors are often
utilized. Therefore, failures of BPMs or correctors become
relatively common occurrences. When a BPM or a corrector
fails, it implies that some of our inputs become unknown, or
certain outputs must be forced to zero. Since the input and
output of our model are fixed, any failure in BPMs or
correctors means we may need to retrain the network, which
can be time-consuming and inefficient. In contrast, the SVD
method offers a more straightforward solution: it only
requires the removal of the corresponding rows (for BPM
failures) or columns (for corrector failures) from the response
matrix. We can then compute the new inverse matrix,
allowing for a convenient way to address the fault issue.

To address the issue of BPM failures, we use readings
from operational BPMs to estimate the values of the faulty
ones. In this context, we employ a Gaussian process (GP)
model to accomplish this task. GP models are widely used
in accelerators [32-34], due to their advantages, including
requiring minimal training parameters and enabling rapid
training. The principle of GP is based on the assumption
that all data come from an infinite-dimensional Gaussian
distribution. Consequently, the inputs and outputs of new
data follow the same Gaussian distribution as those of the
existing data. This allows us to leverage the properties of
Gaussian distributions to make predictions about unknown
outputs.

In our approach, we randomly selected 2000 data points
from our dataset to serve as known data for the GP model.
When a BPM failure occurs, we use this dataset along with
readings from the functioning BPMs to predict the readings
of the faulty BPMs. We tested scenarios involving a single
BPM, as well as cases where 10% and 50% of the BPMs
failed. Using the GP model, we predicted the readings for
the faulty BPMs. The updated BPM values were then input
into our network to determine the corrector strengths.

The simulation results are shown in Fig. 10. It is evident
that the GP model provides an excellent fit for the readings
of the faulty BPMs, and the corrected BPM readings have
minimal impact on the overall correction effectiveness.
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Training of the GP model is particularly fast, as it requires ~ handle BPM failures. However, the situation becomes
optimizing only one distance parameter, completing the =~ more complex when dealing with corrector failures, for
training in just a few seconds. By integrating the GP  which there is currently no quick or suitable method to
model with our correction approach, we can effectively  resolve the issue.
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BPM readings. The bottom row shows the correction results using the predictions from the GP model and actual BPM readings. The
three columns correspond to single, 10%, and 50% faulty BPMs.
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IV. CONCLUSIONS

Both the accuracy and speed of the closed orbit correc-
tion significantly impact the performance of the storage
ring. When confronted with various error distributions, the
SVD method requires a remeasurement of the response
matrix, which greatly limits the speed of correction. This
paper proposes a closed orbit correction model based on an
attention mechanism and a convolutional layer that can
effectively address a wide range of errors. By integrating a
convolutional layer into the encoder module of the trans-
former architecture, our model not only captures long-
range dependencies within the sequence but also enhances
its performance on local features.

In the simulation of closed orbit correction, our model
demonstrates an order of magnitude improvement over the
SVD method after a single correction, without the need for
actual measurements of the response matrix. After two
iterations of correction, our model successfully reduces
closed orbit distortions to the level of 10 pm, with
disturbances in the bunch size below 10%, which is
sufficient to meet our requirements.

The BPM noise experiment demonstrated that our model
not only maintains excellent correction performance but
also exhibits slightly better noise resilience compared to the
SVD method. This finding highlights our model’s ability to
effectively handle measurement uncertainties while still
delivering accurate corrections.

The corrector saturation experiment demonstrated that
our model can effectively utilize the most effective cor-
rectors in each correction iteration, thereby preventing the
accumulation of strengths in less effective correctors. This
capability highlights our model’s proficiency in extracting
local features, enabling it to optimally leverage the most
effective correctors without risking saturation.

By integrating the Gaussian process model, we have
overcome the limitation of fixed input parameters in the
neural network model, enabling us to effectively address
the issue of BPM failures. This enhancement lays the
foundation for broader and more stable applications of our
model. However, the issue of corrector failures remains a
challenge, and continued research is essential.
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