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Manipulating Beams in Phase Space
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How do we measure particle beam -
distributions in 6D phase space? -
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Inferring Beam Distributions Using Optimization
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Inferring Beam Distributions Using Optimization
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Differentiable Simulations

Keep track of derivative
information during every
calculation step.
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Neural Network Parameterization of Beam Distributions
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Want to parameterize 6D phase space distributions with a function that is flexible and
learnable.

Base Particle Neural Network Proposed Initial
Distribution Parameterized Transform Particle Distribution

X ~N(0,1) g(x;0;) : RS+ RO Y =9(X;0:)

Fully connected NN with ~O(1k) parameters



Phase Space Reconstruction Pipeline
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Phase Space Reconstruction Pipeline
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Phase Space Reconstruction Pipeline
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Phase Space Reconstruction Pipeline
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Maximum Entropy Loss Function
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Synthetic Example
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Synthetic Example Reconstruction
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Snapshot
ensembling

Huang G. et al., ICLR 2017
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Tomography Example from AWA
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AWA Reconstruction Results
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Conclusions

- We can create detailed reconstructions
of beam phase spaces from simple
tomographic accelerator measurements
without special diagnostics

- Theoretically we are only limited by model
accuracy and computational complexity
(improved by GPUs), need further
investment in differentiable simulations

- Need to expand our idea of what can be
used as a diagnostic

Details https://arxiv.org/abs/2209.04505
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