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As of July 2025, the SuperKEKB accelerator, which collides 7 GeV electrons with 4 GeV positrons to
abundantly produce particles such as B mesons and 7 leptons, holds the world record for the highest
instantaneous luminosity. Continuous operation and upgrades are underway to achieve even higher
luminosities. Maintaining a high instantaneous luminosity requires sustaining high beam currents in the
storage rings, which in turn demands efficient beam injection from the injector. In particular, a high
injection efficiency, defined as the ratio of the beam current successfully accumulated in the ring to the
current delivered from the beam transport line, must be ensured. In the present study, we developed a
tool to automate the injection tuning process using Bayesian optimization, a machine-learning-based
technique, in order to improve the injection efficiency. During test operations conducted in November-
December 2024, this tool successfully enhanced the injection efficiency by up to 32%.
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L. INTRODUCTION

The SuperKEKB accelerator is an electron-positron
collider that, as of July 2025, achieved a world-record
instantaneous luminosity of 5.1 x 10 cm™2s~'. It con-
sists of two separate storage rings, each with a 3 km
circumference: a high-energy ring (HER), which stores
7 GeV electrons, and a low-energy ring (LER), which
stores 4 GeV positrons. The ring structure comprises four
repeated sections, each containing straight and arc sec-
tions. Particles are continuously injected into the main ring
and collide at the Belle II detector. An overview of the
SuperKEKB accelerator is shown in Fig. 1.

Achieving further records of instantaneous luminosity at
SuperKEKB requires advanced optimization of the beam-
injection system. Conventionally, injection tuning has
been performed manually by operators, who rely on their
personal knowledge and expertise to adjust a wide range
of parameters. However, as the tuning process becomes
increasingly complex, continued reliance on operator-
driven adjustments raises concerns about the growing time
and effort required to maintain stable operation. To address
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this issue, this study introduces machine-learning tech-
niques to develop an automated injection-tuning tool that
assists human operators in the optimization process.

As of July 2025, no simulation has accurately repro-
duced the real behavior of the injection system at
SuperKEKB, rendering the injection-tuning process an
effective black-box function. Consequently, it is difficult to
predict in advance which set of parameters will yield the
optimal injection efficiency without directly measuring
the performance. Moreover, the optimal parameter set is
subject to unpredictable time variations on the order of a
few hours, and previously effective settings have often
failed to deliver comparable performances when reused. In
addition, the measurement uncertainty of the injection
efficiency is relatively large, typically 2-2.5%, which
has been reported to cause the classical black-box opti-
mization algorithm, the Downhill Simplex method [2], to
fail frequently [3]. Furthermore, large parameter changes
may cause the beam to deviate from stable circulation
conditions, potentially leading to beam aborts.

To address the aforementioned challenges associated
with manual injection tuning, this study developed an
automated injection-tuning tool that utilizes machine-
learning techniques. This is the first attempt to incorporate
machine learning into injection tuning during physics runs
at a collider. The tool developed in this study is designed
to meet the following two performance requirements.
(i) Improvement of injection efficiency: The tool should
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FIG. 1. Overview of the SuperKEKB accelerator [1].

be capable of improving the injection efficiency in real
time using only the current injection parameter settings.
Even in cases where optimization does not lead to further
improvement, the existing performance must not be
degraded. (ii) Ensuring operational safety: The tool
must be designed to avoid triggering beam aborts, thereby
maintaining a high level of operational safety.

The remainder of this paper is organized as follows.
Section II provides an overview of the injection scheme
for the main ring. Section III describes the Bayesian
optimization method employed in this study, along with
additional newly implemented features for its application
in injection tuning. Section IV presents the results of
various optimization studies using Bayesian optimization,
as well as the outcomes of the test operations of the
injection-tuning tool. Finally, Sec. V summarizes the
conclusions of this study.

II. INJECTION SCHEME INTO THE MAIN RING

This section describes the injection-tuning method from
the downstream section of the beam transport line to the
main ring. Figures 2 and 3 show the injection systems in
the vertical and horizontal planes, respectively, with
respect to the beam direction.

The injected bunch arriving from the beam transport line
is first adjusted in the vertical plane using a vertical
steering magnet to control its vertical position and angle
at the injection point. Subsequently, a septum magnet is
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FIG. 2. Schematic of the injection system in the vertical plane.
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FIG. 3. Schematic of the injection system in the horizontal
plane [4].

used to adjust the horizontal position and angle relative to
the center of the beam duct at the same location. A
quadrupole magnet is then used to bend the orbit toward
the center of the beam duct in the horizontal plane. Finally,
a kicker magnet is employed to match the orbits of both the
injected and stored bunches to the circulating orbit. A
photograph of the magnets used in this study is shown
in Fig. 4.

The injection-tuning parameters used in this study are as
follows. Because the injection schemes for the LER and
HER are identical, the discussion in this section focuses on
the LER as a representative example.

As illustrated in Fig. 2, two pairs of vertical steering
magnets are located downstream of the beam transport
line. The vertical position and angle of the injected beam
could be controlled by adjusting the excitation currents of
these magnets. The vertical distance from the center of the
beam duct to the injection point, located approximately
7 m downstream of the vertical steering magnets, is
defined as the y-position, and the vertical angle at that
point is defined as the y-angle.

As shown in Fig. 3, the orbit of the injected bunch is
adjusted using two parameters: septum position and
septum angle. These correspond to the horizontal distance

(b) Septum magnet

(a) Vertical steering magnet

FIG. 4. Photograph of the magnets used for injection tuning
in this study: (a) vertical steering magnet and (b) septum
magnet.
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and angle of the injected bunch relative to the center of the
beam duct at the injection point, which is located at the
downstream end of the septum magnet. The injected bunch
is bent in the direction opposite to the center of the beam
duct to better match its horizontal angle with that of the
stored bunch. It should be noted that the horizontal and
vertical scales in Fig. 3 are different, because the figure is
intended to show the overall geometry of the injection
section. The actual deflection angle of the injected bunch
by the septum magnet is on the order of 100 mrad.
Although horizontal injection is primarily controlled by
both septum and kicker magnets, in this paper we focus on
the septum magnet.
The injection efficiency E is defined by Eq. (1).

1 —1

stored bunch, after injection

1

E =

stored bunch, before injection (1)

injected bunch

The denominator of Eq. (1), representing the current
injected into the main ring, is measured using a stripline
beam position monitor installed along the beam transport
line [5,6]. In contrast, the numerator in Eq. (1), which
corresponds to increase in the stored bunch current in the
main ring, is measured using a bunch current monitor [6].

ITI. BAYESIAN OPTIMIZATION

This section provides an overview of Bayesian opti-
mization [7,8], the machine-learning method employed in
this study, and introduces the additional functionalities
required to adapt it for injection tuning.

Bayesian optimization is a type of black-box optimi-
zation used to optimize functions whose analytic form is
unknown. Assuming that the explicit form of the func-
tion is inaccessible, optimization is efficiently performed
through sequential observations. This method combines
Gaussian process regression [9], which constructs a
probabilistic model of the function, with an acquisition
function that selects the next evaluation point by balancing
exploitation and exploration. In combination, these com-
ponents enable accurate probability-based prediction of
the function’s maximum using only a limited number of
observations. In the present setup, the computation time
required for Bayesian optimization was negligible com-
pared with the time required for the objective evaluation.

One of the advantages of this method is that it does not
require prior training data because the model is updated
in real time based on measurement data. This makes
Bayesian optimization particularly suitable for online
experimental optimization. Bayesian optimization can also
be warm-started using prior data, and this functionality is
implemented in our framework, although it was not used in
the present study.

In a prior study aimed at maximizing positron yield
at the KEK Linac [10], Bayesian optimization outper-
formed two other black-box optimization algorithms,

tree-structured Parzen estimator [11] and covariance
matrix adaptation evolution strategy [12], demonstrating
its high sample efficiency among the three methods.
Therefore, Bayesian optimization was adopted for injec-
tion tuning in this study.

To apply Bayesian optimization to injection tuning, it is
essential to account for beam aborts. If the injection-tuning
parameters are freely varied within a wide search space,
some regions may produce increased injection-induced
beam background, potentially leading to beam aborts upon
entering such regions. Therefore, it is necessary to ensure
that the injection-induced beam background remains
below a certain threshold so that Bayesian optimization
can be conducted under safe conditions.

Herein, three key features were implemented to enable
the application of Bayesian optimization for the injection
tuning. First, segmented region optimization was intro-
duced as a strategy to avoid regions with high beam loss by
gradually expanding the parameter domain in directions
that improve the injection efficiency. Second, a step-by-
step variation was introduced to prevent beam aborts, as
abrupt parameter changes might lead to unsafe conditions.
Third, a proximal biasing method [13,14] was imple-
mented to reduce the overall optimization time by favoring
exploration near previously tested parameters.

A. Segmented region optimization

The segmented region optimization method, illustrated
in Fig. 5, involves repeated optimizations within small
subregions of the parameter space. Empirically, it is known
that under stable beam conditions, no sudden beam loss
occurs within a sufficiently small region centered on the
current parameter set. Therefore, a small domain was
initially defined around the pretuning parameter set, and
Bayesian optimization was performed within that range.
Compared with TuRBO [15], which adaptively expands or

Parameter 3

Parameter 2

@ | Optimal
value

Run1l

Best value
in Run 2

Best value
in Run1

Current setting

Parameter 1

FIG. 5. Conceptual illustration of the segmented region opti-
mization. The blue regions represent the parameter domains for
each run, which are redefined around the parameter set that
achieved the highest injection efficiency in the previous run.

105103-3



SHINNOSUKE KATO and GAKU MITSUKA

PHYS. REV. ACCEL. BEAMS 29, 105103 (2026)

contracts the trust region depending on the optimization
performance, segmented region optimization is designed
as a more conservative method. It moves the search region
while keeping it within a predefined safe parameter range,
rather than expanding the region aggressively. This conser-
vative design is important because exploring unsafe para-
meter regions may cause beam loss or machine damage.
As an initialization condition, several random points were
generated within +10% of the parameter range centered on
the pretuning values, and these served as the initial points
for Bayesian optimization.

In this study, Bayesian optimization was performed
using 10 initial sampling points generated prior to starting
the optimization. A single evaluation in the optimization
process was referred to as a “trial,” and 30 trials were
conducted for each optimization. The combination of 10
initial points and 30 optimization trials was defined as a
“run.” After each run, a new parameter domain was
defined around the parameter set that yielded the highest
injection efficiency, and the same optimization proce-
dure was repeated for one to three additional runs. This
approach enables efficient exploration over a broader para-
meter space by incrementally moving the search domain.

However, this method has a potential limitation. The
narrowly defined parameter domain may increase the
possibility of converging to a local maximum, which can
potentially degrade optimization performance. Herein, the
width of the parameter domain for each run was deter-
mined based on empirical knowledge obtained from
manual assessments performed by experienced operators.

B. Step-by-step variation

The purpose of the step-by-step variation was to
gradually vary the injection-tuning parameters over time,
thereby avoiding large changes in the magnet settings in a
single update, as illustrated in Fig. 6. The red dashed
line represents parameter variation without the step-by-
step variation, where abrupt changes occur. By contrast,
the solid blue line shows how the step-by-step variation
decomposes a large parameter change into smaller
updates. This allows the power supply, especially the
septum-magnet power supply, to reach the target setting

Parameter
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With step by step
Delay Time

Xy p— {
— ™

» Time

FIG. 6. Conceptual illustration of the step-by-step variation.

with the required precision at each step. The step size used
in the step-by-step variation was set to 0.0015 mm per step
for y-position, and 0.0015 mrad per step for y-angle and
septum Angle. The number of steps was determined by
dividing the total parameter change by these step-size
limits. Thus, larger parameter changes require more
intermediate steps, which increases the wall-clock time
spent on step-by-step parameter transitions.

C. Proximal biasing method

The proximal biasing method is a technique where
distance-based weighting is applied to the acquisition
function, giving preference to candidate points closer to
the current parameter set. This method was introduced to
improve the practical efficiency of the optimization under
the step-by-step operation by suppressing unnecessary
long-distance parameter transitions. Figure 7 illustrates
the concept. The purple points represent candidate param-
eter sets selected by Bayesian optimization, and the orange
lines represent the parameter transitions between succes-
sive candidate points. Each orange line consists of multiple
step-by-step updates. In the left panel, large parameter
transitions require many step-by-step updates and there-
fore longer wall-clock time for parameter movements. In
contrast, in the right panel, shorter transitions require
fewer step-by-step updates and reduce the wall-clock time
spent on parameter movements.

Equation (2) represents the weighting used in the
proximal biasing method

d
a(x*) = a(x*) exp [— % Z wi(x] — xo,i)zl )
Py

Here, &(x*) denotes the acquisition function after
applying the weighting, a(x*) is the original acquisition
function before weighting, and X, is the current parameter
set. The farther the candidate point x* is from X, the more
suppressed a(x*) becomes. When a(x*) can take negative
values, it is transformed into a non-negative value using the
Softplus function. d is the number of optimization param-
eters, and w = (wy, ..., wy) is a vector of hyperparameters

N N

Parameter 2
Parameter 2

Parameter 1 Parameter 1

Without proximal With proximal

FIG. 7. Conceptual illustration of parameter trajectories with
and without the proximal biasing method in a two-dimensional
parameter space.
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that controls the degree of weighting and is referred to as
the proximity bias factor. A larger proximity bias factor
gives a higher priority to candidate points closer to the
current parameter set. One drawback of the proximal
biasing method is its potential to degrade optimization
performance. In Eq. (2), distance-based weighting favors
candidate points near the current parameter set, which can
cause the acquisition function to ignore the point that
appears most promising according to the original acquis-
ition criterion. Thus, the proximity bias factor controls
the trade-off between optimization performance, such as
sample efficiency or final injection-efficiency perfor-
mance, and the wall-clock time spent on step-by-step
parameter movements.

In principle, each component w; can be assigned
independently for each optimization parameter. In the
present first implementation, however, we used the same
value for all parameters. This choice was made because the
step-by-step variation already limits the rate of parameter
changes, and the same step-by-step change rate was
applied to all parameters in the normalized parameter
space. Therefore, the same effective length scale was used
for all dimensions in this study.

IV. OPTIMIZATION RESULTS

In this section, we present the results of injection tuning
using the Bayesian optimization tool, along with several
related studies. We begin with a discussion in Sec. IV A of
the measurement uncertainty and statistical fluctuations
associated with the injection efficiency, which serves as
the evaluation metric for the optimization. Section IV B
evaluates the reproducibility of the proposed method
through multiple optimization runs under identical beam
conditions and parameter domains over a period of
approximately 2-3 h, to examine whether the injection
efficiency improves consistently. We also analyzed the
parameter importance to identify the parameters that
contributed to the improvement in the injection efficiency.
Section IV C presents a comparative study of different
proximal biasing factors. Finally, Sec. IV D summarizes
the results of the test deployment of the injection-tuning
tool conducted between November and December 2024.

Because this study represents the first application of
machine learning to injection tuning into the main ring,
we used only three parameters—y-position, y-angle, and
septum angle—as the initial targets for optimization.
These parameters were chosen for their importance and
relatively low risk of equipment damage.

In this study, one Bayesian-optimization iteration
typically took approximately 40-60 s, including the
parameter transition, injection-efficiency measurement,
and Bayesian-optimization computation. One optimization
run took approximately 27-40 min.

A. Uncertainty in injection efficiency

This section discusses the measurement uncertainty
and statistical fluctuations associated with the injection
efficiency, which serve as the evaluation metrics in
Bayesian optimization. In this study, the injection effi-
ciency was measured 30 times, and the median of these
30 measurements was used as the representative value.
The median was adopted to reduce the effect of occa-
sional outliers, such as extremely low injection efficiency
values, which can significantly bias the result if the mean
is used.

Since one Bayesian optimization run takes approxi-
mately 30 min, the statistical fluctuation of the injection
efficiency was evaluated on the same time scale. For this
purpose, periods of stable beam operation without tuning
were selected from one week of operation from December
1 to December 7, 2024. The total selected periods were
41.2 h for the LER and 34.5 h for the HER. To evaluate
the fluctuation on the time scale corresponding to one
Bayesian optimization run, a 30-min moving window was
applied to the time series of the median injection efficiency
during stable beam operation. For each window position,
the standard deviation of the values contained in the
window was calculated. Figure 8 shows the distribution
of the obtained standard deviations, which represents the
fluctuation of the injection efficiency on a 30-min time
scale. For the LER, the mean of this distribution was
1.41%, with a standard deviation of 0.41%. For the HER,
the corresponding values were 1.6% and 0.58%, respec-
tively. As a conservative estimate of the fluctuation during
one optimization run, the mean plus three standard devia-
tions of these distributions was used. This gives 2.6% for
the LER and 3.3% for the HER. Furthermore, assuming
that the injection efficiency itself may fluctuate by up to
three times these values, the upper bounds of the fluc-
tuation were estimated to be 7.9% for the LER and 10.0%
for the HER. Therefore, in this study, improvements larger
than these values were regarded as unlikely to be explained
solely by statistical fluctuation and were considered

statistically significant improvements attributable to
Bayesian optimization.
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FIG. 8. Distributions of the standard deviation of the 30-point
median injection efficiency evaluated using 30-min moving
windows during stable beam operation: (a) LER and (b) HER.
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B. Verification of reproducibility

In this section, we evaluate the reproducibility of the
optimization results by conducting multiple optimization
runs over a 2-3 h period, during which the beam
conditions were assumed to remain constant. Each run
was conducted using the same parameter domains and
settings. Here, reproducibility refers to whether the param-
eter sets that improve the injection efficiency are consis-
tently located within the same or nearby regions of the
parameter space across different runs. The experiments
were conducted three times for the HER and twice for the
LER, with the HER results presented in this section.

The measurements for the HER were conducted on
December 14, 2024, under beam collision conditions, with
stored currents of 1080 mA in the HER and 1350 mA
in the LER. The parameter domains were set as
follows: y-position in [0.9,0.92] mm, y-angle in [—0.025,
—0.005] mrad, and septum angle in [0.862,0.882] mrad.
The acquisition function used in the Bayesian optimization
was expected improvement (EI).

Figure 9 shows the results of three optimization runs
conducted under identical beam conditions and parameter
domains for the HER. Panels (a)-(c) each consist of two
subplots: the left panels display the variation in tuning
parameters across trials, whereas the right panels show the
injection efficiency for each trial. In the right panels, the
blue line represents the injection efficiency, the orange line

— ) 0.9200 7 (a) First .,
I «  Injection Efficiency deossesses
8 0.8800 ) — 09175 ',’ ] \/ r ‘ ‘_>,‘575 . Pe‘aknola Y F"’Jiﬂ
ja *  Max point Lo
émms T g 0100 g 09150 / / g 65.0 / \.‘1 i
© 08750 | = 09125 ,'" 2 625 q"
D o a79s — c s W) / | = ogoveg?
087251 _40150] O 0.9100 f W 600 1
é .- = Peeees? | - & v
anuu o G 09075 \ ?\ O 575 .
IS o | =
S 086751@© Q 0.9050 He ‘ 0 550
2 aseso> N i e
%”‘”” 09025 | \ 525
U 038625 0.9000 o] 50.0
10 20 30 40 0 10 20 30 40
Trial Trial
— ).005¢ 09200 (b) second 70.0
o injection Efficienc
g £.8800 ).0075 |, 0.9175 1 3575 s i
c = [| Ay % Maxpoint
£ 087750 1 [\ 4 R@ c
@ —0.010¢ £ 0.9150 iAW 1, @ 65.0 e
° / oed ]
O 0875072 1251 = 0912515 R0 S— X E 625 m 4 mﬂ
—_ C v, \
Doar2s G 09100 S W 60.0 f
< oay i ] o c
c 08700100 & 0.9075 W Seoy Moot O 575
75 1 [*] w}
3085’5 ° Q 09050 + ) 4gsso
< T
%““ﬁr’“ > 09025 (S 525
U 0.8625 0. 50.
0 10 20 30 40 0 10 20 30 40
Trial Trial
. (¢)Third
5 ) ¢/ \ o Injection Efficiency
3 oss00 09175 *’ i 4] | x Z67.5] o Peakhoa fRrstiessesse
— —_ e i
£ 087750 £ 00150 | | | 5 65.0 * dexp A{fk'ﬂq
= © | T
© 087501 ED 125 . t \ N EGZ‘S qeseseeseed
Doros = TS S \
éon ﬁ‘i _Sn 100 | g TR AR " i ‘-'éeou ﬂ\’,.'.-.\/ ~
c 08700100 & 0.9075 1 1‘ O 575 : +
5 086751@© 8_0@050 k| / 0 ss0
= > g 'f’ N
%“h”” 09025 \Y [C 525
V) o362 09000 A 50.0
10 20 30 40 0 10 20 30 40
Trial Trial

FIG. 9. Results of three optimization runs for the HER
conducted under identical beam conditions and parameter
domains: (a) first run, (b) second run, and (c) third run.

indicates the peakhold (the highest injection efficiency
recorded up to that point), and the purple marker highlights
the trial at which the maximum value was observed. The
first ten points were generated based on the initialization
conditions, and the subsequent 30 points were selected
using Bayesian optimization. For convenience, these initial
points are also counted in the total trial number. A
comparison of the three runs revealed that the maximum
injection efficiency was achieved when the y-angle and
septum angle were greater than their initial values. In
contrast, changes in y-position did not lead to significant
variations in the injection efficiency.

To evaluate how the three injection-tuning parameters
contribute to the injection efficiency, we performed an
analysis using SHapley Additive exPlanations (SHAP)
[16]. SHAP is a method for interpreting the output of
machine-learning models by quantitatively assessing the
impact of each parameter on model prediction in terms of
Shapley values. The Shapley values are interpreted as
relative contributions within the selected control bounds,
rather than as absolute machine sensitivities. As an
example, Fig. 10 shows the Shapley values based on the
optimization results for both the HER and LER. In these
plots, the colormap indicates the actual parameter values,
and the Shapley values reflect the extent to which each
parameter contributes to either an increase or decrease in
the injection efficiency. In panel (a), it can be observed
that higher values of the septum angle and y-angle
led to increasing the injection efficiency, whereas lower
values resulted in reduced efficiency. Conversely, panel (b)
indicates that lower values of the septum angle and y-angle
contribute to higher injection efficiency. In both cases,the
y-position appeared to have little impact on the variation in
the injection efficiency.

Next, we conducted an analysis using SHAP impor-
tance. SHAP importance is a metric that quantifies the
contribution of each parameter to a model’s predictions by

(a) HER Highw
Septum Angle . tates oo ~o 4} §
y-angle o cmetes e cnmph %
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FIG. 10. Plots of tuning parameters and corresponding Shapley
values in the optimization results for HER (a) and LER (b).
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FIG. 11. SHAP importance for the optimization results of HER

(a) and LER (b).

summing the absolute Shapley values for each parameter
and normalizing the total to one. Figure 11 shows the
SHAP importance in the optimization of the HER (a) and
LER (b). The results revealed that the contribution of the
y-position to the injection efficiency was relatively small
compared to those of the septum angle and y-angle.
Moreover, the septum angle exhibited the highest impor-
tance in the HER, whereas the y-angle was the most
influential parameter in the LER.

A similar analysis was conducted for all five optimi-
zation runs discussed in this section: three for the HER and
two for the LER. In each case, the contribution of the
y-position was consistently smaller than that of the septum
angle and y-angle.

In conclusion, this section shows that parameters with
high importance in injection tuning exhibit reproducibility;
that is, the parameter settings that improve the injection
efficiency consistently lie within the same or nearby
regions across multiple optimization runs.

C. Effect of proximal biasing level

This section compares the effects of different proximal
biasing factors on optimization speed. The acquisition
function was UCB (f = 2), and we examined two settings:
proximal biasing factors of 1 and 5. Figure 12 shows the
results for each condition, with (a) corresponding to a
factor of 1 and (b) corresponding to a factor of 5.
Comparing the two plots, we observed that when the
biasing factor was set to 1, the parameter changes between
trials were smaller than when it was set to 5. In practice,
the total optimization time was 26 min for a biasing factor
of 1 and 24 min for a factor of 5, indicating that a higher
biasing factor reduced the total time by approximately
2 min. No significant difference in optimization perfor-
mance was observed between the two cases.
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FIG. 12. Comparison of optimization results using UCB
(f = 2): (a) proximal biasing factor set to 1 and (b) proximal
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Figure 13 shows the amount of parameter changes
across trials, plotted as the absolute difference in parameter
values for each trial. When the proximal biasing factor was
set to 1, the parameter changes were generally larger than
those observed with a factor of 5. Because the parameter
step size was limited to 0.0015 mm or mrad per second for
each of the three parameters by the step-by-step variation,
any change exceeding this value incurred a wait time
proportional to the excess. For instance, a change of 0.012
requires approximately 8 s. Such delays accumulated over
the course of 40 trials, resulting in a total optimization time
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more than 2 min longer than the case with a biasing factor
of 5. A similar trend was observed when the acquisition
function was set to the EI; comparing biasing factors of 0
and 5, the total optimization time differed by approx-
imately 5 min.

Subsequently, we considered an appropriate setting for
the proximal biasing factor in the optimization. This factor
balances the trade-off between optimization performance
and optimization time. When the proximal biasing factor
was set to 5, the maximum parameter change observed in
Fig. 13 was 0.003 mrad, corresponding to a movement
time of 2 s. This duration was not dominant compared to
the approximately 30 s required to measure the injection
efficiency 30 times, suggesting that increasing the biasing
factor beyond 5 would be unlikely to yield significant
benefits. Furthermore, no degradation in the optimization
performance was observed with a setting of 5. Therefore, a
proximal biasing factor of 5 was considered appropriate
for the segmented optimization scheme used in this study.

D. Test deployment of the injection-tuning tool

From November 14 to December 25, 2024, test deploy-
ments of the injection-tuning tool were conducted over
four days for the HER and eight days for the LER. The
results for each measurement day are presented in Fig. 14.
Panels (a) and (b) show the improvements in the injection
efficiency for the HER and LER, respectively. Panels (c)

(a) HER: Injection Efficiency Improvement

and (d) present the injection efficiencies before and after
tuning, respectively, on the corresponding days.

Next, we discuss the optimization performance of the
proposed tool. In Sec. IVA, a statistically significant
improvement in the injection efficiency through Bayesian
optimization was defined as an increase of at least 10.0%
for the HER and 7.9% for the LER. Based on the results
shown in Fig. 14, two out of four optimization runs for the
HER and four out of eight runs for the LER achieved
statistically significant improvements.

During SuperKEKB operation, injection is performed
continuously throughout the day in top-up mode, and
injection tuning is typically carried out more than five
times per day. Therefore, a method that can safely improve
the injection efficiency without introducing additional lost
time is operationally valuable. In particular, the improve-
ment achieved in the LER injection tuning on December
25 was operationally significant. The injection efficiency
was improved from 54.5% to 68.4%, which enabled oper-
ation with an LER beam current of 1700 mA, the highest
current ever achieved at SuperKEKB at that time. This
contributed to the renewal of the world record for instanta-
neous luminosity for the first time in two and a half years.

Additionally, we evaluated the safety of the proposed
tool with respect to beam aborts. During injection, if the
beam-background level exceeds the threshold, beam loss
monitors near the Belle II detector issue an abort trigger.

(b) LER: Injection Efficiency Improvement
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FIG. 14. Optimization results from the test deployment between November 14 and December 25, 2024: (a) HER injection-efficiency
improvement, (b) LER injection-efficiency improvement, (¢) HER injection efficiency before and after tuning, and (d) LER injection
efficiency before and after tuning. The open circles represent the injection efficiency before tuning, while the filled circles represent the

injection efficiency after tuning.
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FIG. 15. SHAP importance during the test deployment con-

ducted from November 14 to December 25, 2024.

Throughout all runs conducted in this study, no beam
aborts were triggered, indicating that the combination of
segmented region optimization and the step-by-step proc-
ess ensured a high level of operational safety.

Figure 15 shows the SHAP importance of each param-
eter for each measurement day during the test deployment
of the injection-tuning tool. The figure reveals that the
parameters contributing to the improvements in the injec-
tion efficiency varied from day to day. In particular, among
the six days with statistically significant improvements,
each of the three parameters (y-position, y-angle, and
septum angle) appeared to be the most influential on at
least one day, indicating that the dominant contributing
parameter differed depending on the measurement day.
Moreover, in both the HER and LER rings, the y-angle and
septum angle contributed more frequently to efficiency
improvements than the y-position. On the day with the
smallest efficiency gain (December 11), the SHAP impor-
tance was nearly evenly distributed among the three para-
meters (approximately one-third each), suggesting that no
single parameter played a dominant role in enhancing the
injection efficiency on that day.

V. CONCLUSION

Achieving higher luminosity at the SuperKEKB accel-
erator requires further advancement of the injection-tuning
system. In this study, we developed an injection-tuning
tool based on Bayesian optimization.

To adapt Bayesian optimization for the injection tuning,
three key features were implemented. First, the segmented
region optimization avoids high-beam-loss parameter
regions by initially restricting the search to a small domain
and gradually expanding it toward directions that yield a

higher injection efficiency. Second, the step-by-step varia-
tion prevent beam aborts by limiting the amount of change
in tuning parameters. Third, the proximal biasing method
reduces the overall optimization time. By performing the
segmented region optimization and applying the step-by-
step variation, no injection-related beam aborts occurred
during any of the optimization runs conducted in
November-December 2024. Furthermore, the use of the
proximal biasing method successfully reduced the opti-
mization time by 2-5 min.

The tool was tested over four days for the HER and eight
days for the LER. Statistically significant improvements in
the injection efficiency, exceeding the level of statistical
fluctuation, were observed on two days for the HER and
four days in the LER. Additionally, an analysis of para-
meter importance using SHAP demonstrated that the
contribution of the tuning parameters to the injection
efficiency varied significantly from day to day.

Although only three parameters were optimized in this
first study, these parameters are among the most sensitive
knobs for injection tuning, where inappropriate settings
or rapid changes can cause beam loss, beam aborts, or
even equipment damage. Therefore, the significance of
this work lies in demonstrating the safe and reliable opti-
mization of such sensitive parameters under machine-
protection constraints, while physics data taking was
ongoing and without contaminating the physics data. To
the best of our knowledge, this is the first successful
application of Bayesian optimization to injection tuning in
an operational top-up collider, and this demonstration
provides a useful benchmark for future top-up electron-
positron colliders, such as the electron—positron Future
Circular Collider (FCC-ee) [17] and the Circular Electron
Positron Collider (CEPC) [18].

Since the SuperKEKB accelerator exhibits machine
drift during operation, an important direction for future
work is to incorporate such time-dependent machine
conditions into the Bayesian optimization framework.
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