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The stability of vertical emittance is a critical performance metric for modern high-brightness
synchrotron light sources. This paper presents a real-time, reinforcement learning (RL)-based correction
framework based on deep reinforcement learning by employing dueling deep Q-network with a discrete
action space to dynamically adjust skew quadrupole magnets. To ensure operational safety and accelerate
convergence, we introduce a curriculum learning strategy and leverage a high-fidelity simulation of the
Shanghai Synchrotron Radiation Facility for systematic hyperparameter optimization. Experimental
results demonstrate that the agent, trained in sifu on the real machine, successfully achieves stabilization of
the beam-size readback at the submicrometer fluctuation level and exhibits rapid adaptability to target
changes. This work validates the feasibility of using RL for robust, online accelerator optimization during

user beam delivery.
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I. INTRODUCTION

High-brightness synchrotron radiation sources have
become indispensable tools for a wide range of scientific
disciplines, encompassing materials science, biology,
and industry. The scientific performance of these storage
ring light sources hinges critically on the stability and
precise control of beam parameters, particularly the beam
emittance and transverse coupling. With the advent of
fourth-generation diffraction-limited storage rings, such as
ESRF-EBS, MAX 1V, ALS-U, and HEPS [1-4], achieving
and maintaining ultralow emittance [5,6] and designed
coupling ratio has become a paramount design and opera-
tional goal. However, operating under such stringent
conditions introduces substantial challenges in maintain-
ing beam size stability against dynamic disturbances and
varying user configurations.

A persistent challenge in these systems is the fluctuation
of brightness caused by insertion devices (IDs). The
operation of IDs introduces skew quadrupole fields, which
inevitably perturb the beam coupling and degrade the
vertical emittance [7-9]. Traditional compensation strat-
egies predominantly rely on feedforward correction
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schemes [8] derived from lookup tables. While effective
to a degree, these methods are time-consuming to com-
mission and struggle to adapt to machine drift or complex,
nonlinear interactions between multiple IDs, often result-
ing in residual coupling errors.

To address these limitations, data-driven approaches,
particularly machine learning, have recently been explored
to augment conventional correction methods [10]. A
prominent example is the work by Leemann et al. at the
Advanced Light Source (ALS), where a neural network-
based feedforward system was successfully deployed to
stabilize source properties based on historical machine
data [11,12]. While such supervised learning models have
proven highly effective in compensating for reproducible
perturbations captured within their training datasets,
they are inherently reliant on the quality and coverage
of that data. Consequently, these static models may require
retraining or recalibration when facing significant machine
drifts or novel operational conditions that deviate from the
historical distribution. Bayesian optimization (BO) has
also been successfully applied to accelerator tuning and
online beam optimization [13—16]. In the present work, we
focus on RL not because it is assumed to be universally
superior to BO, but because the target problem is formu-
lated as a sequential online feedback task under evolving
machine conditions. In this setting, RL is attractive
because it can learn a state-dependent control policy for
repeated local corrections, whereas BO is more naturally
suited to iterative operating-point optimization. More-
over, BO typically requires exploratory sampling of the
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objective landscape, which can be difficult to perform
during user operation when one seeks nonintrusive stabi-
lization rather than repeated perturbative search.

In contrast, reinforcement learning (RL) [17,18] offers
a paradigm where an agent learns an optimal control
policy through continuous interaction with the accelerator
environment, without the need for labeled training data.
This makes RL particularly suitable for the dynamic and
complex problem of coupling correction. Recent accel-
erator applications of RL and related adaptive control
methods include tune and coupling feedback in the LHC
[19], online policy-gradient control at FERMI [20], and
FPGA-deployed real-time fast orbit feedback at KARA
[21]. Related online accelerator-control approaches also
include model-independent extremum-seeking methods
for beam optimization and recent model-based RL formu-
lations for higher-dimensional feedback problems [22,23].

This work presents an application of a dueling deep
Q-network (DQN) [24,25] for real-time, online correction
of vertical coupling in synchrotron storage rings. The
proposed method utilizes beam size measurements and
vertical dispersion estimates as state observations. To
shorten the training time and improve sample efficiency,
we employ a multidimensional discrete-action space.
Rather than relying on offline training, we leverage a high-
fidelity simulation environment based on the Shanghai
Synchrotron Radiation Facility (SSRF) [26] lattice to
perform extensive hyperparameter optimization. The iden-
tified robust hyperparameters are then applied to the live
agent, which learns the control policy from scratch on the
real machine. This approach is validated via experiments at
the SSRF machine, demonstrating that the RL agent can
adaptively stabilize the beam-size readback at the submi-
crometer fluctuation level, as a preparatory study toward
the tighter beam-quality control demands expected in
future fourth-generation light sources.

II. COUPLING CORRECTION STRATEGY

The stability of photon beam brightness is a crucial
performance metric for modern high-brightness synchro-
tron light sources, and even more so for the emerging
fourth-generation diffraction-limited storage rings. The
photon brightness is inversely proportional to the vertical
beam size o, [27,28]. This parameter is sensitive to both
the vertical emittance &, and the local vertical dispersion
1y, as described by

0,(s) = /B, (s)e, + Iny ()] (1)

where f3, is the vertical beta function and o, is the energy
spread. To maintain the designed ultralow emittance and
ensure consistent user experiments, precise real-time
correction of vertical emittance growth and spurious
vertical dispersion is essential.

TABLEI. Comparison between conventional optimization and
the proposed RL-based optimization.

Conventional correction RL-based correction

Performs nonintrusive online
correction during user beam
delivery

Relies on invasive
measurements (e.g., ORM)
requiring beam interruption

Based on static linear models
(vulnerable to model
mismatch)

Data-driven and RL policy
(learns from real nonlinear
machine response)

Iterative calculation (slower
convergence)

Direct policy inference (real-
time response)

However, real-time coupling correction presents signi-
ficant challenges for traditional control strategies.
Conventional global correction methods, such as those
based on the orbit response matrix (ORM) or LOCO [29],
are typically iterative and invasive, requiring beam inter-
ruptions that are incompatible with user beam delivery. On
the other hand, feedforward compensation using lookup
tables often struggles with the complex nonlinearities
introduced by the varying gaps and phases of multiple
IDs. Table I summarizes the key differences between these
conventional approaches and the proposed RL framework.

To address these limitations, we employ a data-driven
approach. A critical practical constraint in storage rings
is the scarcity of diagnostics; typically, highly sensitive
beam-size monitors (e.g., interferometers) are installed at
only one or two locations. As illustrated in Fig. 1, a correc-
tion strategy relying solely on minimizing o, at a single
observation point can effectively reduce the local beam
size (orange line). However, this ”local” optimization often

—— Vertical dispersion-free correction
74 —— Correction based on a single observation point

Vertical beam size difference (um)

Observation point
0 100 200 300 400
S_pos (m)

FIG. 1. Comparison of vertical beam size distribution along the
storage ring. The local correction method (orange) effectively
minimizes o, at the observation point (s = 0) but induces signi-
ficant oscillations globally due to uncompensated vertical dis-
persion. In contrast, the global correction scheme (blue) achieves
a uniform suppression of beam size across the entire ring.
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fails to suppress—and may even amplify—the vertical
dispersion elsewhere in the ring, leading to global emit-
tance degradation [30].

Therefore, the correction scheme must be formulated as
a multiobjective optimization problem that infers global
stability from limited observations. The objective is to
dynamically adjust the skew quadrupole strengths to
simultaneously minimize the global vertical dispersion
and maintain the vertical beam size at a specific target
value Oye- It is important to note that 6y, represents a
calibrated operational setpoint chosen to ensure consistent
flux density for users, rather than the theoretical minimum
limit of the lattice. We address this complex control task
using a reinforcement learning framework, where an agent
learns to balance these coupled objectives through con-
tinuous interaction with the machine.

III. RL FRAMEWORK AND AGENT DESIGN

To address the complexity of real-time coupling cor-
rection, we formulate the problem as a Markov decision
process and solve it using an RL approach [31].
Specifically, we implement a DQN adapted for a multi-
dimensional discrete action space. This section details the
environment definition and the customized neural network
architecture designed for this control task.

A. RL environment definition

The interaction environment is built using the
Accelerator Toolbox [32] to accurately emulate the beam
dynamics of the SSRF storage ring [33]. We wrap this
physics engine in an OpenAl Gym-compatible interface
[34] to facilitate interaction with standard RL algorithms.
Figure 2 shows the SSRF DBA cell optics and the
locations of skew quadrupoles on sextupoles.

Observation space: The state vector s; is designed to
provide the agent with a comprehensive snapshot of the
system status, combining beam quality metrics with
actuator states. It is defined as

Sy = [AJ},,rdeisp,kl,kz,'--,kG], (2)

where:

(i) Aoy = 6,(t) — Oraree Tepresents the deviation of the
vertical beam size from the target value.

(ii) rmsgg, denotes the global vertical dispersion proxy.
Since direct dispersion measurement is invasive
during user operation, we employ the premeasured
response matrix R, ; and the active skew quadru-
pole settings k;:

1 1 .
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FIG. 2. Optical functions (f,,B,.1,) of the SSRF lattice cell
used in the simulation environment. The skew quadrupole
correctors are integrated into the sextupole SD/SF shown in
the lattice structure. The remaining sextupoles are used for
nonlinear correction.

where F' ., denotes the value of the global vertical-
dispersion proxy corresponding to a 1 pm global
beam-size maximum change (peak to peak), ob-
tained by introducing skew-quadrupole errors while
keeping the lattice functions and vertical equili-
brium emittance unchanged for the given optics
configuration.

(iii) k; denotes the strength of the ith skew-quadrupole
corrector. Specifically, in the present study, the RL
action space consists of six independent skew-
quadrupole control knobs, corresponding to the
three SD/SF sextupole locations in SSRF cell 1
and cell 2.

Action space: To reduce the complexity of the explora-
tion space and shorten the training duration, we define a
discrete action space. Discrete action spaces significantly
reduce the exploration complexity, enabling the agent to
converge to a safe policy within a practical time frame. At
each time step, the agent can only modify the strength of
each skew quadrupole by a small, fixed increment Ak:

A:{al,az,"',dﬁ}, aie{—1,0,+1}. (4)

Here, actions —1, 0, +1 correspond to decreasing, main-
taining, or increasing the magnet strength by Ak (set to
2 x 10~ m™?), respectively. Ak was chosen as a conser-
vative minimum actuation step such that a single skew
adjustment still produces an observable beam-size
response at the resolution level of the online diagnostic.
This results in a total action space size of 3 = 729.

Reward: To guide the agent toward the multiobjective
goal while accelerating convergence, we design a compo-
site reward function r,. The reward at time step ¢ is
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formulated as
ry = _(|A0y| + rmsdisp) + B(|A6y|’ rmsdisp)» (5)

3.0, |Ac,| <0.3 pm & rmsg, < 0.2,
B(:) =1 1.0, |Aay| < 1.0 pm & rmsgig, < 0.3, (6)
0, otherwise,

where the first term penalizes state error, the second term
rewards incremental convergence (progress). The term
B(+) is a discrete bonus function that returns positive
values only when the beam parameters satisfy strict
tolerance thresholds. This hybrid design is essential for
effective lattice control: the continuous penalties provide
dense gradients to guide the agent rapidly out of poor
states, while the sparse bonus acts as a strong attractor to
prevent policy oscillation and lock the beam size precisely
at the target.

Episode termination: Each episode was capped at 600
environment steps in the main experiments. An episode
terminated earlier if the absolute beam-size deviation or
if the global dispersion proxy exceeded the safety bound.
In the implementation, these conditions correspond to
|Acy| > 3.0 pm or rmsgg, > 0.5.

B. Dueling network architecture

Standard DQN architectures often struggle to differ-
entiate between state values and the specific advantages
of individual actions, particularly in high-dimensional
spaces. To overcome this, we employ a dueling network
architecture, which explicitly separates these estimates.

As depicted in Fig. 3, our network features a customized
split-input design:

(1) Input encoders: The state vector is split into two

streams. A beam dynamics encoder processes the

Beam Info(2D) Beam Info E

Skews States(6D)

FIG. 3.

error signals ([Ac,, rmsg;g,]), while a skew encoder
processes the magnet settings ([ky, -, kg)). This
separation allows the network to extract distinct
features for the beam status and the actuator
configuration.

(2) Feature fusion: The outputs of these encoders are
concatenated and passed through a shared fully
connected layer to form a global feature represen-
tation.

(3) Dueling heads: The network then branches into:
(a) A single value head, V(s), estimating the overall

quality of the current state.

(b) Six independent advantage heads, one for each
skew quadrupole. Each head i outputs a vector
A;(s, a) representing the relative utility of the
three possible actions {—1,0,+1} for that
specific magnet.

The final Q value for action @ on magnet i is aggregated

using the dueling formula:

0i(s.a) = V(s) + (A,»<s,a> .

This architecture allows the agent to learn which
specific magnets are most effective for correcting a given
error, significantly enhancing learning efficiency and
control precision.

The network was trained using an experience replay
buffer with a capacity of 100,000 transitions. In the final
optimized setting, target-network synchronization was
implemented by soft updates with z = 0.001 and an update
interval of 8 environment steps, while action selection
followed an e-greedy strategy with €y = 1.0, €,;, = 0.01,
and €gecqy = 0.995, the decay applied once at the end of
each training episode. ReLU activations with LayerNorm

Value

Q values

Advantage Matrix (6 x 3)

Schematic of the dueling DQN architecture. The network splits the state input into beam dynamics metrics and actuator

settings, processes them via separate encoders, and aggregates the values using a shared multilayer perceptron (MLP), i.e., the shared
fully connected layer, before the dueling head outputs discrete action commands.
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were used throughout the network with a dropout layer of
probability 0.1 applied in the physics-constrained feature
block, and optimization was performed using Adam with
weight decay 107> and Huber loss.

IV. SIMULATION STUDY AND
HYPERPARAMETER OPTIMIZATION

Before deploying the agent on the real machine, we
conducted extensive studies in the simulation environment.
This phase served two critical purposes: optimizing the
agent’s hyperparameters to ensure robust convergence
and validating the efficacy of the curriculum learning
strategy [35].

A. Curriculum learning strategy

To ensure convergence efficiency while strictly adhering
to machine protection constraints, we employ a curriculum
learning framework that progressively refines the optimi-
zation landscape. Related accelerator RL studies have
also used progressively tightened success or termination
thresholds during training, as well as simulation-assisted
sim-to-real workflows [36,37]. This approach incorporates
physics-informed constraints by implementing an adaptive
deadband mechanism within the control loop. As illus-
trated in Fig. 4, the agent executes a null actuation (i.e.,
maintaining the current magnet setpoints, a; = 0) when-
ever the observed beam state falls within the dynamic
acceptance region defined by

|Acy| < Acyz(1)

MSgisp < rl’nsdispOT(l‘)' (8)

Replay

Training
Phase |
Training
Phase ||
Reward: . Sate; —
beam size and i B s Action for
: & 3 Vertical dispersion; with prior
vertical dispersion exploration
Current skew knowledge
atch target value: 4
uadrupole setting;

Environment:
Experiments on SSRF or
simulations via pyAT

FIG. 4. Overview of the curriculum learning workflow. The
agent interacts with the environment to update its policy via the
replay buffer. The training process is structured into three phases:
pretraining, enhanced, and fine-tuning. In the latter two phases,
the ”Action with prior knowledge” branch imposes dynamic
thresholds to strictly limit beam size fluctuations.

For episode ¢ > 1, this threshold multiplier z(¢) is
updated as

T<t) = max (Tinit - ﬂ(t - tO)’ Tmin)’ (9)

where #, marks the start of the decay phase, 7, is the
starting threshold, f is the constant decay rate, and 7., is
the lower bound plateau for this phase.

Here, z(¢) denotes time-dependent thresholds that decay
monotonically during the training process. This strategy
effectively governs the transition from a coarse-grained
correction phase—focused on global stability—to a high-
precision feedback regime, thereby minimizing un-
necessary magnet jitter once submicron beam quality is
achieved.

B. Hyperparameter optimization

The performance of deep RL is notoriously sensitive to
hyperparameters. Tuning these on a physical accelerator
is impractical due to limited beam time. Therefore, we
leveraged the high-fidelity simulation to perform a sys-
tematic hyperparameter optimization (HPO) [38].

We evaluated key parameters, including the learning
rate, discount factor (y), and batch size. Figure 5 visualizes
the results of this search using a parallel coordinates plot.

The analysis identified a robust set of hyperparameters
(learning rate = 3 x 107, y = 0.995, batch size = 128).
As indicated by the high-scoring clusters in Fig. 5, this
configuration maximized the training stability, allowing
the agent to consistently achieve cumulative rewards
exceeding 640 within the stabilization phase. These
validated values were subsequently frozen and used for
the live experiments at SSRF.

hyperparameter optimization results

1.50
600
1.25
1.00 1 0.0003 200000 8 221 500
0.75 o
400 5
0.50 &
2
0.25 300&
0.00 N4
GK 799 0.001  0.0001 100000 4 69.48  0.2574 200
-0.25
\ /
-0.50 100
(2 o N N (4 4 12
& @& & b o AQ’C\ & <€
X7 9 & ¢ N &
& S & &7 &7 &
& ¢ P Y
X [
FIG. 5. HPO results in simulation. The parallel coordinates

plot illustrates the correlation between various hyperparameters
(e.g., learning rate, batch size) and the final training score (color
scale). We selected the configuration that yielded the highest
stable reward for the on-machine experiments.
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Three-Phase Training: Score, Average Distance, and Prior Threshold

1750 1

1500 -

1250

1000 -

750 A

Cumulative Reward
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250 A

0 -

—— Cumulative Reward (Score)
—— Average Distance (per Episode) [
=== Prior Threshold (Progressive)

o o g =
o © o [N]

o
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Average Distance/Prior Threshold (um)

I
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0 100 200
Phase I: Pretraining

Phase II: Enhanced (Prior)
Episode

T T T - 0.0
300 400 500
Phase IlI: Fine-tuning (Prior)

FIG. 6. Training progression of the dueling DQN agent in simulation. The plot shows the smoothed cumulative reward (blue) and the
average beam size deviation (orange) over 500 episodes. The progressive tightening of the curriculum thresholds (dashed line)
effectively guides the agent toward convergence. The results are obtained from 10 independent full training runs with different random
seeds. A 20-episode moving average is first applied to each training trajectory; the solid curves represent the across-run mean, and the
shaded bands indicate 41 standard deviation across the 10 smoothed trajectories.

C. Simulation results

The training progression of the agent in the simulation
environment is shown in Fig. 6. The learning curve
demonstrates three distinct phases corresponding to the
curriculum schedule, and the specific phase-wise settings
of 7y, B, and 7, used in the present implementation are
summarized in Table II: (i) Pretraining phase (episodes
0-150): The agent explores the state space, resulting in
fluctuating rewards. In the present implementation, the
transition to the next phase is scheduled after 150 episodes
as an empirical choice based on the observed flattening
of the average distance reduction. (ii) Enhanced phase
(episodes 150-350): Prior thresholding is introduced in a
stage-wise manner. In this phase, gradual threshold reduc-
tion is combined with short optimization intervals under
locally fixed threshold levels, allowing the agent to adapt
and stabilize under each acceptance band before further
tightening, which leads to a rapid increase in reward.
(iii) Fine-tuning phase (episodes 350-500): The threshold
is further tightened while still preserving short fixed-
threshold optimization windows, enabling control accu-
racy without destabilizing the learning process.

To further illustrate the control performance, Fig. 7
presents the detailed beam evolution during a single
validation episode after training.

TABLE II. Phase-wise threshold schedule used in curriculum
learning.

Phase Episodes Tinit S (/100 episodes) Tmin
I 0-150 1.0 0 1.0
1I 150-350 1.0 0.7 0.3
1 350-500 0.3 0.2 0.1

The comparison clearly highlights the agent’s capability
to actively compensate for dynamic errors, achieving a
stability significantly superior to the uncontrolled baseline.

Crucially, the simulation results confirm that the pro-
posed strategy successfully addresses the global optimi-
zation challenge. Comparative analysis shows that the
convergence episode was 413.2 £ 15.3 with curriculum
learning and 1251.5 4+ 73.4 without curriculum learning
(mean =+ standard deviation over 10 independent runs),
representing a 67.0% =+ 2.3% reduction in the mean con-
vergence episode. To quantify the benefit of curriculum
learning, convergence is defined as the first training episode
in which the beam remains within the prescribed target-
distance band for at least 570 steps (95% of the maximum
episode length of 600 steps), and this condition is main-
tained for 3 consecutive episodes. This criterion is adopted
because a temporary reduction in the average distance alone
does not necessarily indicate stable control performance,
whereas sustained operation within the target band provides
a more meaningful measure of successful convergence.

The discrete-action dueling DQN not only stabilized the
local vertical beam size to 6, ~ 5 pm (simulation target
used here as an idealized low-coupling validation case in
the lattice model) but also suppressed the global vertical
dispersion throughout the ring, which verifies the global
coupling control discussed in Sec. II, thus providing
a reliable baseline for on-machine implementation.
Here, the simulation environment captures the dominant
beam-response behavior of the coupling-correction task,
although sensor noise, control latency, and magnet hyste-
resis are not explicitly modeled.

Finally, to provide a quantitative comparison with
conventional correction, an SVD-based controller was
additionally evaluated in the same simulation environment.
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FIG. 7. Representative simulation of a single correction episode.
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400

Left: evolution of vertical beam size. The RL agent (blue) rapidly

suppresses the initial error and stabilizes the beam size at the target value (5 pm), whereas the uncorrected beam (red) exhibits large
fluctuations due to dynamic disturbances. Middle: the corresponding discrete control actions taken by the agent for the six skew
quadrupoles, showing a distinct policy of aggressive initial correction followed by minor adjustments. Right: vertical-dispersion
distribution ny(s) around the full ring before and after RL correction and their difference Any, = 7, aier — My before (bOttom). The red
marker denotes the beam-size observation point at the second bending magnet of cell 01.

A joint response matrix was constructed for the six skew
quadrupoles, combining their responses to the local ver-
tical beam size and the vertical dispersion around the full
ring. The resulting SVD correction was subject to the same
discrete actuator constraints as DQN. Under the same
initial perturbation and 600-step disturbance sequence, the
mean absolute beam-size error was 0.118 pm for DQN and
0.275 pm for SVD.

V. ON-MACHINE EXPERIMENTAL RESULTS

Following the validation in simulation, the RL correction
framework was deployed on the SSRF storage ring during
user operation. The primary objective was to verify the
agent’s ability to learn effective control policies in the real-
world environment, characterized by measurement noise.

A. Experimental setup and training

The DQN agent was integrated with the SSRF control
system via a PYTHON interface. It read real-time data from
the diagnostic system, including the vertical beam size
from the interferometer and the ORM-based dispersion
proxy defined in Eq. (3), and sent discrete increment
commands to the power supplies of the six skew quadru-
poles. This ORM is premeasured and kept fixed during the
experiment.

Crucially, the agent was not preloaded with simulation
weights. Instead, it learned from scratch on the live
machine, utilizing the robust hyperparameters identified
in Sec. IV. This approach tests the algorithm’s rapid
adaptability.

Figure 8 depicts the temporal evolution of the on-
machine training process over 200 episodes, clearly

Online Machine Training: Score, Average Distance, and Prior Threshold
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= N w B w (=2
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o o o o o o

o
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=
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T
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I
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50 75
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25

100

175 200

Phase IlI: Fine-tuning (Prior)
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Episode

FIG. 8.

On-machine training progression at SSRF. The plot shows the cumulative reward (blue) and average beam size deviation

(orange) recorded during live operation. Despite initial fluctuations due to exploration, the agent converged to a stable high-reward
policy within approximately 100 episodes, guided by the curriculum thresholds (dashed line).
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TABLEIII. Phase-wise threshold schedule used in on-machine
curriculum learning.

Phase Episodes Tinit P (/130 episodes) Tmin
I 0-100 1.0 0 1.0
I 100-150 1.0 0.4 0.6
I 150-200 0.6 0.3 0.3

delineating three distinct operational regimes. The corre-
sponding phase-wise threshold settings are summarized in
Table II1.

During on-machine training, each episode was limited
to a maximum of 300 control steps and terminated earlier if
the beam-size deviation or dispersion constraint exceeded
the prescribed safety bound. The mean episode lengths
were 37.0 4.1, 242.6 + 15.0, and 291.9 + 3.4 steps for
the pretraining, enhanced, and fine-tuning phases, respec-
tively. At the measured closed-loop period of 4.8 s per
step, these correspond to approximately 3.0, 19.4, and
23.3 min per episode. The full 200-episode on-machine
training campaign therefore corresponds to approximately
30,000 control steps, or 40 h of beam time.

During phase I (pretraining, episodes 0-100), the agent
engages in initial exploration. While the average distance
to the target (orange solid line) decreases significantly, the
cumulative reward (blue solid line) remains suppressed,
indicating that the agent has not yet mastered the precision
required for high rewards.

The transition to phase II (enhanced, episodes 100-150)
is marked by the activation of the curriculum strategy.
Here, the physics-informed acceptance threshold (green
dashed line) is introduced and progressively tightened.
This constraint effectively guides the agent, resulting in an
increase in cumulative reward.

Beam Size History

Beam Stability

Finally, in phase III (fine-tuning, episodes 150-200), the
threshold settles at its minimum value. The agent achieves
a steady-state performance characterized by consistently
high rewards and minimal rms error, demonstrating that
the policy has successfully converged to a robust solution
within the submicron tolerance window.

B. Steady-state stability

Once trained, the agent’s performance was evaluated
under steady-state conditions. Figure 9 presents the time
evolution of the vertical beam size and the corresponding
control actions over 4500 time steps (6 h), validating the
control policy’s effectiveness in terms of convergence,
actuator protection, and robustness. The cycle time
corresponds to an effective closed-loop period of approx-
imately 4.8 s per step. This period is determined by power-
supply response, the beam-size monitor refresh time, and
the waiting time required to ensure that the observation is
taken after the machine response has settled. Initially, the
agent successfully converged the vertical beam size to the
immediate vicinity of the target value (18 pm). Here,
the baseline refers to normal SSRF operation with the
insertion-device coupling feedforward remaining active,
but without RL correction. Over separate 6-h evaluation
windows under comparable machine conditions, the cor-
responding rms fluctuation was 0.15 pm under RL feed-
back, compared with 0.62 pm under the baseline SSRF
operating condition. The 0.15 pm residual is comparable
to the typical short-term unperturbed readback variation of
0.1-0.2 pm, indicating that the measured closed-loop
stability approaches the diagnostic noise floor. A distin-
guishing feature of the control strategy, as illustrated in the
right panel, is the sparse and discrete nature of the skew
quadrupole actuations. This steplike behavior confirms the
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FIG.9. Experimental verification of beam size stabilization. Left: the vertical beam size (blue) is tightly maintained around the target
(red dashed line) by the RL agent. Middle: the normalized vertical dispersion change remains minimal. Right: history of skew
quadrupole actions. The agent effectively identifies and applies necessary corrections while maintaining a stable configuration for
extended periods. The step at r = 2000 corresponds to a scheduled ID movement for testing.
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successful deployment of the adaptive deadband mecha-
nism (described in Sec. IVA), which prevents high-
frequency chattering and thereby mitigates fatigue in the
magnet power supplies. Furthermore, to rigorously evalu-
ate the agent’s adaptability to dynamic lattice perturba-
tions, the configuration of an ID was intentionally altered
at step t = 2000, resulting in a beam size change. In
response to this external disturbance, the agent immedi-
ately identified the state change and re-optimized the skew
quadrupole strengths to a new equilibrium. This rapid
compensation demonstrates the policy’s capability to auto-
nomously counteract ID-induced linear optics distortions
and maintain beam stability without human intervention.

The decision to employ a discrete action space rather
than a continuous policy (e.g., proximal policy optimiza-
tion or soft actor-critic) was driven by the strict constraints
of online accelerator operation. Training an agent on a live
machine is extremely expensive in terms of beam time.
Continuous action spaces typically require significantly
more samples to explore the infinite dimensionality of the
control output effectively. By quantizing the actions into
{—1,0, +1} increments, we drastically reduced the explo-
ration volume, enabling the agent to converge to a safe
policy. For the six-skew-quadrupole task considered here,
the resulting 3® = 729 joint actions remain tractable in
both simulation and online operation. However, the joint
action space scales as 3" with the number of independently
controlled correctors and would become prohibitive for
substantially larger systems. In such cases, more structured
control formulations, such as factorized, hierarchical, or
model-assisted approaches, would be required to improve
scalability.

Our steady-state results confirm that with the deadband
mechanism, this discretization does not compromise the
submicron stability required for user experiments.

C. Adaptability to target changes

A key advantage of the proposed RL framework is its
operational flexibility. In routine user operations, the
storage ring may need to switch between different cou-
pling modes (e.g., high-brightness mode vs timing mode)
to satisfy varying experimental requirements. This neces-
sitates a control policy capable of tracking dynamic targets
rather than being fixed to a single setpoint.

To validate this capability, we dynamically changed the
target beam size from 18 to 20 pm during active beam
delivery. As shown in Fig. 10, the agent responded imme-
diately to the step change in the target signal. Although
brief transient fluctuations were observed immediately
before the setpoint change—attributed to the agent’s
exploration of the gradient in the new state space—these
oscillations were rapidly suppressed. Without any manual
intervention or retraining, the policy autonomously
adjusted the skew quadrupoles to converge to the new
setpoint.

This step response confirms that the learned policy
captures the underlying physics of the coupling response.
However, it is worth noting that this adaptability is most
effective for perturbative adjustments within the local
linear region of the lattice optics (e.g., adjustment ranges
of a few micrometers). For large-scale deviations (e.g.,
increasing the beam size from 18 to 100 pm), the required
magnet strengths might exceed the incremental action

Beam Sizes Time Series with changed target beam size
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FIG. 10. Step response of the RL agent to a change in target beam size. When the target setpoint was increased from 18 to 20 pm
(blue dashed line), the agent autonomously adjusted the magnets to track the new target (red line). Despite minor initial transients, the
beam size stabilized at the new value with a fast settling time. The spike around step 330 was caused by a manual ID movement during
the experiment and represents the beam response to an external perturbation rather than the nominal steady-state fluctuation.
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FIG. 11. Continued on-machine training after one winter
shutdown and restart. The agent recovers useful performance
within about 30-50 episodes, as indicated by the increasing
cumulative reward and decreasing average distance.

limits or push the lattice into a significantly different
nonlinear regime. In such scenarios, the recommended
procedure is to first reconfigure the lattice to approach the
new target, and then restart the RL agent for feedback
correction. For the moderate optics changes encountered in
our operation, such as after a shutdown and restart, the
measured response matrices before and after the optics
change remained nearly identical. Under these conditions,
continued on-machine training allowed the agent to
recover useful performance within about 30-50 episodes,
requiring approximately 18 h of additional beam time,
without requiring a new simulation campaign or re-
optimization of hyperparameters, as illustrated in Fig. 11.
For substantially different optics modes, however, this
transferability cannot be assumed. In such cases, the
response characterization, target setting, and training
conditions may need to be re-established and revalidated.
At the same time, we do not claim that the present DQN-
based framework solves the general problem of continual
learning under strong or arbitrarily long-term drift. If the
machine response changes too far from the regime repre-
sented by recent experience, replay-based Q-learning may
become less reliable.

VI. CONCLUSION

In this work, we have developed and experimentally
validated a reinforcement learning framework for real-time
coupling correction in storage rings. By reformulating the
global minimization of vertical beam size and disper-
sion as a sequential decision-making problem, we dem-
onstrated that a dueling DQN agent can autonomously
learn effective control policies in a model-free manner at
the policy-learning level, while using a premeasured
ORM-based dispersion proxy as part of the observation.

A key contribution of this study is the integration of a
high-fidelity simulation for hyperparameter optimization
and curriculum design. This strategy effectively bridged
the gap between simulation and reality, allowing the agent
to learn from scratch on the physical machine with high
stability and convergence speed. Experimental results at
the SSRF confirmed that the proposed agent could stabi-
lize the vertical beam size at the micrometer level and
rapidly adapt to varying target constraints during user
operation.

Compared to traditional response-matrix-based meth-
ods, the RL approach offers a nonintrusive alternative that
naturally handles system nonlinearities. Future work will
extend this framework to continuous action spaces for
smoother control and explore multiagent reinforcement
learning for the simultaneous optimization of multiple
beam parameters, paving the way for fully autonomous
accelerator operations.
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