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Abstract CEBAF Overview CEBAF Overview

During the operation of the Continuous Electron Beam Accelerator Fa-
cility (CEBAF), one or more unstable superconducting radio-frequency
(SRF) cavities often cause beam loss trips while the unstable cavities
themselves do not necessarily trip off or present a fault. Identifying an
unstable cavity out of the hundreds of cavities installed at CEBAF 1is
difficult and time-consuming. The present RF controls for the legacy
cavities report at only 1 Hz, which 1s too slow to detect fast transient
instabilities. A fast data acquisition system for the legacy SRF cavities
1s being developed which samples and reports at SkHz to allow for de-
tection of transients. An autoencoder based machine learning model 1s
being developed to identify anomalous SRF cavity behavior. The model
1s presently being trained on the slow (1Hz) data that 1s currently avail-

able, and a separate model will be developed and trained using the fast
(5kHz) DAQ data once 1t becomes available.

e 5.5-pass, 12GeV continuous wave electron accelerator.

e Beam is accelerated two anti-parallel SRF linacs connected by two
sets of recirculation arcs.

e Beam is then extracted to up to four experimental halls.

e There are 418 SRF cavities in CEBAF, 306 of which are of the
legacy style which do not presently have data acquisition fast enough
to detect transient instabilities.

e A new fast data acquisition (DAQ) system has been designed and 1s
being installed on the legacy SRF cavities at CEBAF.

e An autoencoder based machine learning anomaly detection model
1s being developed to 1dentify cavity instabilities from the Fast DAQ
data along with archived EPICS data recorded by the MYA archiver.
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e 2K Scope Buffer for real time analysis of control signals.

e 3K Fault Buffer captures data leading up to a fault (1.6 seconds at SkHz).
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e The prototype works well; data has already been col- ol I
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. . e An autoencoder model was chosen because most of
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e Components are presently being procured and assem- e Data includes 10s before trip, 5s after.

bly has begun for the remaining chassis, which will all e Top trace is total linac current, note drop to zero at ¢ = 10s indicating a trip.
be installed in the North Linac.
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e The problem is one of anomaly detection rather than
classification.

e Implemented in Python and PyTorch.

Left: E le of stabl '
o Left: Example of stable cavity e Developed and trained using archived EPICS data.

e Right: Example of unstable cavity. Measured gradient unstable around the time of the trip, hence

it’s more likely to have caused the trip. e A similar model will be developed and trained using

the new Fast DAQ data once it becomes available.
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e When the daemon detects a fast shutdown trip, i1t determines
which machine protection device(s) initiated the trip to decide
the nature of the trip.
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e If the nature of the trip indicates that the trip was possibly 0
caused by an unstable SRF cavity which did not itself present D —————~-_ I~
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0000 0002 0004 0005 0008 0010 0012 a fault, the DAQ Fault Buffer data, along with a timestamp for
retrieval from the archiver, are stored on disk for inference by
the autoecoder.

e Provides an interface to the autoencoder model to operators and

e Above plot shows reconstruction losses for cavity data sets labeled technicians.

“good” (1.e. “stable”) and cavity data sets labeled “bad” (1.e. “unstable”). . . : .
£ ( ) Y ( ) e Displays a histogram of reconstruction loss for each cavity for one

e Using 0.001 as the threshold between “good” and “bad”, we get an accu- trip event.
racy of ~ 0.99 (7 out of 1036 samples falsely identified as “bad”). Devel-

. e Reconstruction loss 1s interpreted as the likelihood of a cavity hav-
opment continues.

ing caused a beam loss trip due to instability.
e A similar model will be developed and trained using the Fast DAQ data

.. . e Allows operators and technicians to quickly identify cavities that
once it is available.

the autoencoder predicts are unstable and causing beam loss trips.
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