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Introduction Photon Pointing Prediction Framework

Free-electron lasers (FELS) are advanced light sources capable of producing highly brilliant
short pulses by using ultra-relativistic electron beams. They are crucial tools to drive novel

photon science in various fields, from attosecond science to achieving high transverse and

longitudinal coherence. Precise measurement and control of the electron beam properties

both during acceleration and transport are crucial under nominal conditions, even more so 0.20

for challenging FEL operation modes, which negatively affect stability. The extremely 015
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complex setups and beam-related instability of the FEL render both the stability and
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reproducibility of each shot an open challenge. Exemplary of this is the pointing jitter of the

x-ray pulses. The two major sources of pointing instabilities are orbit jitter (MHz range) of

the electrons entering the undulator and x-ray mirror vibrations (kHz range). This pointing

instabilities lead to an additional effective intensity jitter at the interaction point.
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Furthermore, this could lead to damage to the sample, its holder, or any other beamline
equipment. This work describes a way to predict the pointing of each photon pulse and

shows supporting measurements up-to MHz intra-train repetition rate.

Real-time approach includes training and putting models in operation. The experimental setup uses two

time scales for beam monitoring during training and validation. BPMs track the electron beam trajectory

between bunch trains, while a 2D diamond detector measures the beam position within each train at 2.2

MHz. XGMs capture intensity and beam position, and a YAG screen (FEL imager) provides high-
resolution beam imaging. The training process involves systematically varying the offsets of the orbit

corrector to create various beam conditions. Synchronized data from BPMs, XGMs, and YAG screen,

collected using control system, are used to train and validate the neural network model.
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