Achieving Optimal Control of LLRF Control System with Artificial Intelligence
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Space Mission

Virtual Telescope for X-ray
Observations

Attitude formation control with
sub-arcsecond accuracy

Approximately 1 hour observing
the Crab Nebula
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LCLS-Il LLRF & Resonance Control
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I explore novel control architectures

using machine learning as a tool to
Improve control performance.
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Sensing the angular velocity with noises included
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Sensing the angle of the satellites
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Artificial intell

ence framework
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Data processing

Data produced through optimization and control system
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Data preparation for DL

DL optimization on supercomputer
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Simulation

1) VTXO model

on

Quaternion models, Sensors, actuators, GNC, and noises

2) LLRF

The CryoModule-On-Chip (CMOC) is a simulation engine developed at
model LLRF and beam-based feedback systems for Linac-

LBNL to
driven FELS.

cavities (with electromagnetic eigen-modes), of RF stations (RF source + Cavity +
FPGA  Controller)
cryomodules (Piezo tuners + RF Stations + mechanical modes)
Linac sections (cryomodules + bunch compressor)
beam instrumentation, loop delays and sources

of noise
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Multi —objective genetic algorithm
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Deep learning

4 layers ( 120 neurons, 80 neurons, 60 neurons) ,MSE=0.07
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Future work

1) Producing data for the microphonics problem
2)Applying Al based controller

3)Include an optimal estimation of the LLRF to the
control system and apply sensor fusion algorithms




