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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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Maximum Entropy Tomography (MENT)

Rotate phase space and reconstructthe yNgte: log(e)
distribution from 1D projections +
maximize the beam distribution entropy ”(“”’p”%(v

Lagrange multiplier
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p* = argmin{—H(p) + Af (p)}
A X

Distribution entropy Measurement reconstruction

Hock K. and Ibison M., JINST, 2013



Physics Simulation
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Scheinker, Alexander, et al Scientific reports 11.1 (2021): 1-11.

Represent beam distribution
with principal component
analysis (PCA) and optimize
weights to fit experimental
measurements



Optimization Strategies for Inference

- Analytical models

Gradient descent
(SGD, Adam etc.)

Scales to >10k parameters

Yes

(ML training)

Can you calculate

gradients easily?

- Simulations
No - Experiments

Black box
optimization
algorithms

Scales poorly with
input dimension if not unimodal

Go ahead, try it w ith simplex. . 5



Optimization Strategies for Inference
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Differentiable Simulations

Keep track of derivative
iInformation during every
calculation step.

Enables gradient based
optimization of model error
with respect to all free

parameters using the chain (i)
rule. Q" = KDE(Z)

Easily optimize models with 0Z 0Z 0doy, aQ(i’j) aQ(i’j)
>10k free parameters. oY’ oK’ oK " vy ' 9K




Neural Network Parameterization of Beam Distributions

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(z;0;) : R® — RO Y = g(X;0;)

Fully connected NN with ~O(1k) parameters



Phase Space Reconstruction Pipeline

Base Particle Neural Network Proposed Initial
Distribution Parameterized Transform Particle Distribution

o hy ...
. P R
et e
.-"..--'r "I':.ue: A )
e -*.ﬁ
RIS
L
.

oL
St

X ~ N(0,1)

()

5
E
()



Phase Space Reconstruction Pipeline
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Experimental Screen Images
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Phase Space Reconstruction Pipeline
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Phase Space Reconstruction Pipeline
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Maximum Entropy Loss Function

| = —log [(QWG)B’EGD} + A Z R\
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Synthetic Example
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Synthetic Example Reconstruction
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Measuring Model Uncertainty
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Measuring Model Uncertainty and Convergence
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Tomography Example from AWA

ol AS
o b M\
=== ] ) Camera
— WAL e N Drive beamline
L“E_, > L : { A- .
B A, Focusing
ﬁ BN = ] e ) Quadrupole
g i e 0 R : Linac
Argonne 6 ‘ : ~ : Screen u
- X! Photoinjector
Yy Z
k=-3.4m2 k=-25m2 k=-1.5m™2 k=-0.49 m™? k=0.49m2 k=15m™"? k=25m™>2
€
E 0
X (mm) X (mm X (mm) X (mm)

mm)

X (mm)

X (mm)

18



AWA Reconstruction Results

Red border denotes test samples
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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

- Reconstructions from differentiable
simulations are not limited by analytical
tractability, number of free parameters

- Theoretically we are only limited by model
detail and accuracy, 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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https://arxiv.org/abs/2209.04505
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iteration
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