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EuXFEL Electron Dump Beamline

* Control beam orbit in electron dump beamline
* 12 corrector magnets, 10 beam position monitors
* Good orbit control ensure reliable dump operation
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Model-Free Optimization in Simulation
Va"dation on the ACCE|erat0r * Simultaneous learning and tuning of the beam orbit, starting without model information

* In practice: initialization with approximated model, e.g. from cheetah
* Only model-based feedback tested - Algorithm is sufficiently robust
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