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Initial Beam Distributions are Time-Varying and Beam

Dynamics are Governed by Complex Collective Effects
» Wakefields, Space charge, Coherent synchrotron radiation
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Goal: Develop to Observe the Complex Phase
Space Dynamics of Beam-driven Plasma Wakefield Acceleration
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Quick Intro to Neural Networks
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ML for Accelerators is a Growing Field
Many Applications as Virtual Diagnostics
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Need for robust machine learning techniques
for (systems with distribution drift)

ﬂ ?‘ | | Simple numerical example: nonlinear simple harmonic oscillator
with time-varying inputs and parameters.
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| - This is a 1D analytically known system, but as soon as there are even
| small changes to the initial position, velocity, or non-linear coefficient €, the
v v ] trajectories change wildly. Clearly trying to a model of an

accelerator with thousands of nonlinear components ("Digital Twins”) should
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time [us] system is impossible if it changes with time.
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Example shared by researchers from SLAC: time-varying system shows limitations of
traditional ML approaches.



Adaptively machine learning is being developed to provide real-time diagnostics for

time-varying systems
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(Research led by Adi Hanuka)
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Adaptive ML for time-varying systems: 6D phase space diagnostics. Encoder-decoder
generative CNN for nonlinear data compression:
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Looking at only (z,E) to predict other phase space projections

latent space dimension 1
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Latent space-informed diagnostics choice can design convex cost functions for unique reconstructions
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Looking at only (z,E) to predict other phase space projections
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Adaptive ML-Based Diagnostics @ HIiRES

Work with: Eric Cropp and Daniele Filippetto
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Adaptive ML-Based Diagnostics @ HIRES

Inverse Model Determines Unknown/Time-Varying Input Beam Distribution
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Phase space projection differences for beam far outside of the span of training data.
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Errors [%] of 15 projections of the 6D phase space as the input beam distribution
leaves the span of the training set and so do the solenoid current and bunch charge.

200

A measure of the % difference of the 15
projections relative to initial input and
parameter settings as the beam changes.

A measure of the % error of the 15 projections
if the input beam and parameter settings are
known. The error remains small within the
span of the training set and then the CNN
catastrophically fails as the training set is left
behind (it is actually worse than doing
nothing), as expected.

A measure of the % error of the 15 projections
if the input beam and parameter settings are
unknown, but adaptive ML is used for active
feedback based on (z,E) measurements. No
catastrophic failure in this robust approach.



Adaptive ML phase space projection errors for point far outside of training set span.
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