MACHINE LEARNING ASSISTED
CAVITY QUENCH IDENTIFICATION
AT THE EUROPEAN XFEL

Abstract Motivation “Real” and “Fake” quenches
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quenches occur. Using the post-mortem data snapshots generated for every trip, an The QDS has very seldom false negatives 08

additional signal (referred to as residual) is systematically computed based on the
standard cavity model. Following an initial training on a subset of such residuals
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Consolidated post-mortem quench classification
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useful metric to categorize trips. The shape and magnitude of
the GLRs differs greatly between trips

3. GLR quench evaluation as cron job Residual i
P probe
F forward
Training set of 453 trips reviewed by expert © Vo1 (6) + w172 (<Vo s (6) + 2Ve s (8) = Vi () Vo, o(8) + wayz (Voo (6) = 2Vig() + Vio(1)) B beam
r = V, (t) o V. (t) 1 in-phase
Tagged as “real” or “false” quench o o 0 qudnare

@®,, half bandwidth
. - : : Graphical outcome of the GLR analysis.
Unsupervised classification based on k-means square to define quench classes P Y

- Amplitude 6 <107’ Residual
[ ki . . |
Class threshold defined using the quenched and non-quenched trips of training data set 20 : / N\ |
.
: : . . 15 | | |
Evaluation of new trip = compute the distance to the class centre point. é %
10 i .
. probe
runs every hour runs once a day (dashed) and next OOJ 5{')0 10'00 1;'_0’0___ 000 —40 5{')0 10'00 15'00 000
XTLReport analysis GLR analysis quenched pulse (solid) sample sample
Looks for trip root cause Computes GLR for all pulses, all cavities Phase GLR
Computes down time Flags faulty cavities 200 . 150 .
Reports availability online If GLR > threshold - QUENCH fg:’ﬁ:rd GLR shape and
Sends daily report to expert Sends daily report to expert reflected amplitude match
Generates trip snapshot (RF waveforms) loads Appends GLR waveforms to trip snapshot % 100 l 100 ¢ ‘/ those of a quench
emails emails . 0} 1 50t
XTL report trip snapshot GLR report -100 : : : 0 ' . :
0 500 1000 1500 2000 0 500 1000 1500 2000
sample sample
Results
Example: quench correctly identified as “fake” by GLR Statistics
'8 | T 450 . Period Sept. 22" 2021 to June 8th 2022,
| * aos 3 consecutive pulses shown aDs N T
» . “ ” - 70 I I
e \ (1 nominal and 2 “fake” quenches pulses) GLR 55 65 1 3 96.8% 195 days of nominal RF operation
Elz N C ding Q. val 4 GLR sh A (removing machine shutdown, startup or
Z 2T A orrespondin values an snown r
= 0, (m) =467 x10° _ T p g L ccuracy software development days).
= - | o .
5 || =4asxio’ ) QDS triggered (change in Q, above 5e5 :
S R 1200 3 99 ( J L - P+ TN 124 trips snapshots were recorded.
B : threshold) TP + TN + FP + FN
= 6r 1150
S / .
4T 1100 Post-mortem GLR analysis correctly Bl TP : true positive (i.e. the algorithm accurately detected a quench)
oL/ 150 labelled this trip as faulty, but discarded it Bl 7N : true negative (the algorithm accurately recognized that a trip was not a quench)
0 | " as a quench BN FP:false posm\./e (i.e. a fakc? quen.ch) | |
0 500 1000 1500 2000 BN FN : false negative (the algorithm failed to identify a real quench)

Time [usec]

Summary and future work

An overview of an approach relying on machine-learning methods to categorize trips as quench or not-quench recently implemented at the European XFEL was presented. This approach
relies on existing trip snapshots to compute additional metrics (referred to as residuals) to evaluate if the quench is real. The next step consists of running this analysis on live data (as
opposed to post-mortem). There are 2 options: a software- and a firmware-based approach. Running the analysis is computationally expensive so that the software approach cannot be
implemented on the front-end CPUs. A solution would be to use external CPUs sharing a direct PCle bus connection to the front-end CPU. The firmware solution is attractive because it
doesn’t require additional hardware, but might be quite expensive in terms of FPGA resources. Both options are currently under evaluation. Another future work consists of looking into
adapting the GLR algorithm for normal conducting cavities (such as the RF gun). The GLR approach could then help categorize different gun trips.
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