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Abstract: The use of artificial intelligence can significantly reduce the time needed to tune the ATLAS heavy ion linac. After establishing
automatic data collection procedures and analyzed the data, we have developed, and tested machine learning models to tune and control
the machine. Models based on Bayesian Optimization (BO) and Reinforcement Learning (RL) will be presented and their performance
compared and discussed. RL and BO are well known Al techniques, often used for control systems. The results will be presented for a
subsection of ATLAS that contains complex elements such as the radio-frequency quadrupole. The models will be later generalized to the
whole ATLAS linac, and similar models can be developed for any accelerator with a modern control system.
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BO and RL for Beam Tuning and Accelerator Control

Bayesian Optimization (BO) & Online Tuning Results | Reinforcement Learning (RL) & Preliminary Results
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