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ABSTRACT

Mitigating space charge effects in the CERN Proton Synchrotron Booster (PSB) requires entering Bunch Lengthening Mode (BLM), traditionally a highly manual and time-intensive tuning process. This work transitions from discrete profile-to-correction regression (CBAM) to a continuous Reinforcement
Learning framework (LSTM-TD3) to achieve stable, slowly converging phase optimisation. The agent achieves human-parity performance in simulation for both Double Harmonic (2H) and Triple Harmonic (3H) bunch lengthening, reducing optimisation time by over 80%. Currently, only the 2H unoptimized
agent has been experimentally validated in the PSB; the fully optimised 2H agent and the 3H agent are pending experimental validation. A comprehensive Graphical User Interface (GUI) is currently under development to ensure complete operator control.
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2H Optimization: Solutions after 10 iterations (~5 min in the PSB)
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