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Table 1 Main parameters of the simulation

Parameter Value
Beam average energy /GeV 1.5
Peak current /A 800
Energy spread /% 0.014
FEL wavelength /nm 3.72
Average beam radius /pm 50
Undulator length /m 3
Period length /cm 2.35
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Fig. 1 Layout of the undulator system
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Table 2 Network parameter settings of SAC, DDPG, and
TD3 algorithms

Parameter Value
Actor learning rate 0.0003
Critic learning rate 0.0003
Neural network size 256 X512

Batch size 64

Optimizer Adam

Discount factor 0.99
Alpha learning rate 0.0003
Police noise 0.2
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Fig. 2 Comparison of power curves among SAC, TD3, and

DDPG algorithms for FEL tuning tasks
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Fig. 3

Comparison of gain curves and optimized orbits among SAC, TD3, and DDPG algorithms in the FEL optimization. (a) Gain

curves; optimized orbits along (b) x and (c) y directions
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optimized spot; (c) TD3 optimized spot; (d) SAC optimized spot
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Abstract
Objective The X-ray free-electron lasers (FELs) have undergone a significant transformation in the fields of biology,

chemistry, and material science. The capacity to produce femtosecond and nanoscale pulses with gigawatt peak power and
tunable wavelengths down to less than 0.1 nm has stimulated the construction and operation of numerous FEL user
facilities worldwide. Shanghai soft X-ray free-electron laser (SXFEL) is the first X-ray FEL user facility in China. Its daily
operation requires precise control of the accelerator state to ensure laser quality and stability. This necessitates high-
dimensional, high-frequency, and closed-loop control of beam parameters. Furthermore, the intricate demands of
scientific experiments on FEL characteristics such as wavelength, bandwidth, and brightness make the control and
optimization task of FEL devices even more challenging. This activity is usually carried out by proficient commissioning
personnel and requires a significant investment of time. Therefore, the utilization of automated online optimization

algorithms is crucial in enhancing the commissioning procedure.

Methods

Reinforcement learning uses positive and negative rewards obtained from the interaction between agents and the

A deep reinforcement learning method combined with a neural network is employed in this study.

environment to update parameters. It does not require input from the inherent nature of the environment and is not
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dependent on data sets. In theory, this methodology has the potential to be implemented in various scenarios to optimize

any given parameter in online devices. We employ SAC, TD3, and DDPG algorithms to adjust multiple correction
magnets and optimize the output power of the free electron laser in a simulation environment. To simulate non-ideal orbit
conditions, the beam trajectory is deflected by a magnet at the entrance of the first undulator. In the optimization task, we
set the current values of seven correction magnets in both horizontal and vertical directions as the agent's action. The
position coordinates of the electron beam along the x and y directions of the undulator line after passing through the seven
correction magnets are set as the environment's state. The intensity and roundness of the spot are used as evaluation
criteria for laser quality. During the simulation, Python is used to modify the input file and magnetic structure file of
Genesis 1.3 to execute the action. The status and reward are obtained by reading and analyzing the power output and
radiation field of Genesis 1. 3. For each step in the optimization process, the agent first performs an action and adjusts 14
magnet parameters to correct the orbit. At this time, the environment changes and returns a reward to the agent according

to evaluation criteria for laser quality. The agent optimizes its action to maximize cumulative reward.

Results and Discussions In the FEL simulation environment, we use SAC, TD3, and DDPG algorithms with
parameters listed in Table 2 to optimize the beam orbit under different random number seeds. Figure 2 shows the training
results of the proposed algorithm. As the learning process of SAC and TD3 algorithms progresses, the reward function
converges, and the FEL power eventually reaches saturation. SAC and TD3 algorithms maximize FEL intensity at about
400 steps, with the convergence results of the SAC algorithm being better than those of the TD3 algorithm. This is
because the TD3 algorithm, built on the DDPG algorithm, mitigates the impact of overestimation of action value on
strategy updating and enhances the stability of the training process. The SAC algorithm maximizes the entropy while
maximizing the expected reward, enhances the randomness of the strategy, and prevents the strategy from prematurely
converging to the local optimal value. Furthermore, after convergence, the power mean of the SAC algorithm is
noticeably more stable compared to that of the TD3 algorithm. Its confidence interval is also smaller, indicating better
stability. The gain curve and initial curve of the three algorithms in the tuning task are shown in Fig. 3(a). The SAC
algorithm approximately optimizes the output power from 0.08 GW to 0.77 GW, slightly higher than that of TD3
algorithm and significantly higher than that of DDPG algorithm. The optimized orbits and initial orbits of the three
algorithms are shown in Fig. 3(b). Due to the deflection magnet applied at the entrance of the system and the drift section
set, the beam is deflected and divergent in the first 2. 115 m of the undulator structure, with the uncorrected orbits
maintaining this state. The SAC, TD3, and DDPG algorithms all make adjustments to the orbits. Figure 3(b) shows that
the orbits optimized by the SAC algorithm are closer to the center of the undulator, namely the ideal orbits, in both
horizontal and vertical directions, which can also explain that the output power optimized by SAC is higher than that of
TD3 and DDPG. To more directly reflect the results of orbit optimization, we compare the initial light spot at the outlet of
the undulator with the optimized light spots of three algorithms (Fig. 4). The initial light spot is offset in both & and y
directions and has weak intensity. However, the light spot optimized by SAC is completely centered in the undulator with

the highest intensity, while it remains offset in the & direction for the other two algorithms.

Conclusions We employ deep reinforcement learning techniques to simultaneously control multiple correction magnets to
optimize the beam orbit within the undulator. The deep reinforcement learning approach acquires rules from past
experiences, avoiding the need for training with a calibration dataset. In contrast to heuristic algorithms, this approach
exhibits superior efficiency and less proneness to local optima. In this study, the SAC and TD3 algorithms have been
shown to effectively optimize beam orbit and improve spot quality through the analysis of system state, reward balancing,
and action optimization. Results of the simulation indicate that the TD3 algorithm effectively optimizes the laser power to
0.71 GW, thereby resolving the issue of bias that arises from overestimating the action value of DDPG. Furthermore, the
SAC algorithm has been utilized to optimize laser power to a value of 0. 77 GW, demonstrating a marked improvement in
the learning efficiency and performance of DDPG. The SAC optimization is based on the maximum entropy principle and
is indicative of improved training effectiveness and stability. Thus, the SAC algorithm exhibits strong robustness and

holds the potential to be utilized for the automated light optimization of SXFEL.
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