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The EuUXFEL Overview



The EUXFEL

In general
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The EUXFEL

Linac and superconducting cavities
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The EUXFEL

Linac and superconducting cavities
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Anomaly Detection



Anomaly Detection

Physical dynamics:
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Anomaly Detection

Cavities

« 250 pulses (50 first nominal)

| I
| F oo B /\ |
- RF signals sampled at 1 Mhz (1820 | (i I A z
I
I
samples) | sV Yae VT o
. . . | LLRF system Klystrons cryogenics 2/' Z?:;gng :
- Saved into hdf5 files, corresponding | aps moUEtOrS | o uBdiupoles] S ﬂ
I
. I I I J
to station events - |
_ _ _ oa@ — -Faultdetection :
 Insights across different time scales '_ TRewimorsies ~Non linear pariy space
- T

DESY. Enhancing Quench Detection in SRF Cavities at the European XFEL: Machine Learning Approaches and Practical Challenges | Lynda Boukela | Malapa | Apr 8 — 11, 2025 | CERN Page 9



Anomaly Detection
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Anomaly Detection

« Two external CPUs are commissioned
« A24 as toy station

« Challenges:
« Computing load on in-crate CPU

« Bandwidth limitations, DAQ packet loss, had

to shutdown some cavities
« Getting the IQ components, data correction

« Reliable beam information source (different

station with a different timing)

« Time-consuming go-to-production process
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Anomaly Detection
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ML for Quench Detection



ML for Quench Detection

« The SRFCs are characterized by their quality factor
(QL), which is an indicator of the field coupling and
power dissipation

« Currently, the quenches are detected with the QDS by
monitoring and setting a threshold on the QL

* QL is computed for every pulse and compared to a
running average from the previous 100 pulses

« The QDS is however not robust enough

A new ML-powered approach is developed
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ML for Quench Detection

Clustering —based

K-medoids with two similarity measures
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ML for Quench Detection

Clustering —based

» Inference in distance space
* Fitting different based on the similarity measure

« Thresholds & decision boundaries
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Quench detection

ML-based quench identification

» Inference in distance space
* Fitting different based on the similarity measure

« Thresholds & decision boundaries
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Quench detection

ML-based quench identification
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ML for Quench Detection
NAS for lightweight models

 Mu |ti-0bj€CtiV€ hardware- Search Space Search Strategy Performance Estimation Optimal Architecture
number of layers ASW|
ag nostic Optl mization aumberofncdonsl evolutionary C 0(6) = o x AUROC(§) — FLOPs(9)|—SSI€t 3, ‘ :
et e UL, performance of ¢ =R

Model TPR FPR AUROC FLOPs / Size
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ML for Quench Detection

NAS for lightweight models /o
« Multi-objective hardware- Machine Learning for Quench Detec S/@ “arformance Estimation Optimal Architecture
in SRF Cavities at the European XFEL
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ML for Quench Detection
NN - based

Evaluation Results: TPR, FPR, and AUROC
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Summary

« EXxpensive into-production deployment process
* Promissig results
« Laborious data labeling process, but can be further streamlined

« More anomalies to detect
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