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This is an appealing system for an initial study because it has a small number of machine components, yet
it exhibits non-trivial beam dynamics.

How to get the right wavelength?

How to get the right wavelength?

simple analytic case:

FEL output is related to beam parameters at the entrance of the undulator
Roughly speaking:
•
•
•
•

Beam energy determines FEL wavelength
Beam size (𝛽) and divergence (𝛼) need to be set to minimize beam losses
Beam emittance (𝜀) impacts FEL gain
𝛼, 𝛽, 𝜀 are defined in the position-momentum phase space of the beam
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(in reality the FEL process is more complicated)

How to get the right wavelength?

Quadrupole electromagnets are used to match the beam into the undulator
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• Focus in one transverse plane and defocus in the other
• A pair provides net focusing
• In principle only affects 𝛼, 𝛽
(but beam self-fields can thwart this à also affects 𝜀 )

force on beam
B field

How to get the right wavelength?

Photoinjector determines initial beam properties and accelerates the beam
• Electrons generated via photoelectric effect (laser incident on cathode)
• Beam energy dominated by RF power setting (acceleration in cavity)
• Solenoid compensates for strong beam self-fields (improves emittance)
• Bucking coil minimizes magnetic field on the cathode (improves emittance)

End goal: get the right beam parameters at the undulator entrance
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- weights/biases updated with AdaMax
- implemented in Theano and lasagne

- batch size of 200
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What this means: for a given energy, the controller will immediately reach the desired beam size to within about 10% and
the beam will be close to a waist, requiring minimal further tuning (assuming no drift…)

Presently working on the next steps for the complete study
•

Including minimization of emittance + more freedom with
injector settings
• Requires finer start-to-end adjustments, so more simulation data was

needed
• Larger network needed to capture relationships accurately in model
•

Need to see how well it does with machine drift
• e.g. deviation between settings and real values, deviation in responses

•

Need to compare with other methods
• Online optimization methods used in accelerators
• Try comparing with some model-free RL benchmarks (e.g. TRPO)

•

Have plans for trying this approach on an operational machine

•

Other tweaks:
• Specify change in setting rather than setting
• Weights of cost function should be tuned

Example of Model Performance on Validation Set

Conclusion
•

Initial study for fast switching between beam energies while preserving 𝛼, 𝛽 looks
encouraging

•

Continuing with more complete study

•

Will be interesting to see how this might scale to a larger accelerator system

