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MOTIVATION

Can we lower false positive rates of quench detection at European XFEL?

European XFEL EE—
« 17.5 GeV pulsed electron FEL

« 800x 1.3 GHz SRF cavities European

e | ti ' 2017
. Hamiourg Genmany XFEL
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MOTIVATION

« Software-based quench detection is successful at .

catching SRF cavity quenches but also triggers for | [ |——Q, (nom)=4.65 x10°| -
other faults = ——Q, (real) = 2.95x10° | @
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« Can we make use of machine learning techniques 208 Q (fake) = 3.5 10
to help identify REAL and “FAKE” quenches ? &= /
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« Make use of data snapshots generated at each trip °
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« Make use of well-known cavity model to compare
measured probe and model prediction | 1400 1500 1600 1700 1800
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XTL report

LINAC Availability (5-Day rolling average)
« Software tool developed over the last 2 years * — 1 7 1 T " T -
. . X S ; ; e
* Monitors 50+ hardware and software interlocks g g : g ;
(i.,e. QDS) available in control system 99.0
- Identifies root cause of trip 95
- Computes down time, available via web interface o
- Updates database with down time root cause S - S o s E e
_ @ 3 2 2 $ = .
 Generates trip data snapshots (20 seconds
before and 5 seconds after trip) Clarify raot cause and update DB
- Trip data snapshots available for postmortem P B R e
analysis e oo s | s o M| R TR

* work in collaboration with Nick Walker, DESY
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1. Introduce a new metric

« Based on forward and probe RF waveforms, a residual is computed to track deviation of the cavity probe
from expected behavior (based on standard cavity model)

r(t) =

—Vp,(t) + W1/2 (_VP,I(t) + 2VE () — VB,I(t)) B VP,Q (1) + w7 (VP,Q (t) — 2V () + Vg g (t))

Vp o (t) Vp ()

« A statistical evaluation of this residual, the Generalized Likelihood Ratio (GLR) is
computed *

 The GLR quantifies if the residual indicates a fault

« The GLR isrobust against standard operation changes (i.e. detuning)

« The GLR provides very distinct signature for distinct trips

* Reference:

Anomaly Detection at the European XFEL using a Parity Space based Method A. Eichler etal. arXiv:2202.02051 [physics.acc-ph]
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1. Introduce a new metric

Residual and Generalized Likelihood Ratio

« Quantifies deviation of the cavity probe from model

* Provides very distinct signatures for different kinds of trips
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2. Training phase
Training set manually labeled “QUENCH” or “NOT QUENCH”

« Training set of 453 trips reviewed by expert

« Tagged as “real” or “false” quench
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2. Training phase

t-SNE (t-distributed stochastic neighbor embedding)

« Training set of 453 trips reviewed by expert 3“
« Tagged as “real” or “false” quench l 5 _
 Unsupervised classification based on k-means to define o » ‘ |
quench classes c:é of TR v f R ik
« Class threshold defined using the quenched and non- 101 |
guenched trips of training data set o0l |
« Evaluation of new trip = compute the distance to the 30} 1
class centre point
40 r -
« If | GLR - GLR_guench_class | < threshold > QUENCH 50 , | | , , , , , ,
40 -30 =20 -10 0 10 20 30 40 50

Courtesy A. Eichler

Reference:
Probabilistic Model-Based Anomaly Detection for the European X-Ray Free Electron Laser, A. Nawaz PhD Thesis, 2021
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3. Run the GLR analysis

« GLR analysis as acron job*

runs once a day

loads any trip snapshot

computes residual and GLR

labels trip as quench or not quench
appends new plots to snapshot dataset

sends outcome to experts

* Reference
The Trip Event Logger for Online Fault Diagnosis at the European XFEL, J. Timm et al. IPAC’21

runs every hour

XTLReport analysis

Looks for trip root cause

Computes down time

Reports availability online

Sends daily report to expert

Generates trip snapshot (RF waveforms)

emails

saves

loads

runs once a day

GLR analysis

Computes GLR for all pulses, all cavities
Flags faulty cavities

If GLR > threshold - QUENCH

Sends daily report to expert

Appends GLR waveforms to trip snapshot

emails

appends

XTL report

trip snapshot

GLR report
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3. Run the GLR analysis

on all new trip data snapshots

« GLR analysis as a cron job*

runs once a day

loads any trip snapshot

computes residual and GLR

labels trip as quench or not quench
appends new plots to snapshot dataset

sends outcome to experts

®» REAL QUENCH

* Reference
The Trip Event Logger for Online Fault Diagnosis at the European XFEL, J. Timm et al. IPAC’21
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Results

* Analysis run as cron job, daily
« Period Sept. 22" 2021 to June 8" 2022
« 195 days of nominal RF operation
(removing machine shutdown, startup or software

development days)

« 124 trips snapshots were recorded
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Example of a fake quench correctly discarded by the GLR analysis
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Results

* Analysis run as cron job, daily
« Period Sept. 22" 2021 to June 8" 2022
« 195 days of nominal RF operation
(removing machine shutdown, startup or software

development days)

« 124 trips snapshots were recorded

Algorithm accuracy

TP
TN
FP
FN

B TP + TN
" TP+ TN+ FP +FN

a

. true positive (accurately detected a quench)

. true negative (accurately recognized a trip was not a quench)
. false positive (a “fake” quench)

. false negative (algorithm failed to identify a real quench)

TP TN FP FN a
QDS 55 56 10 3 ‘ ~90%
GLR 55 65 1 3 ~97%
improved
accuracy
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Why use machine learning ?

Not just quench detection but anomaly categorization

(0) classic quench
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(6) still unlabeled (not understood)
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(1) timing jump (during decay)
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(2) probe / forward / reflected misalignement
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Summary and Outlook

« Using machine learning for trip classification was already implemented in other labs (JLab)

» the approach chosen here relies on the cavity model rather than pure data driven (black box)

* i.e. make use of what we already know about the cavity system - smaller training data sets

« Positive first outcome e
'——1 Tneuxe IS NOw | | ACTUALLY, | —— 1

- - : FULLY AUTOMATED| | RECORDS SHOW [ ( THAT'S ommcw '
° Speeds Up expert routine trip evaluation b, Obe e (] “GNE AUMAN. | MICTAKE. b HUMANG |~
AT MAXIMUM SCIENTIST AROUND HERE. JUST US

EFFICIENCY. REMAINING. ROBOTS! QLEEP BLOOP!

« Next steps _\\7
oy

» proceed with further GLR signatures '

« extend analysis to NRF (gun)

« implement analysis on live data = catch all pulses ® Q) @ e
N HE M | =

» firmware / software implementation ? (pros and cons)
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Thank you

All my colleagues, in particular: Annika Eichler, Nick Walker, Jan Timm

Contact
DESY. Deutsches Julien Branlard
Elektronen-Synchrotron MSK, DESY

julien.branlard@desy.de
www.desy.de +49 (0)40 8998 1599
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