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ML as enabler for autonomy

T. Gamer et. al., “The autonomous industrial plant -future ofprocess engineering, operations and maintenance,” 12th IFAC
Symposium DYCOPS, vol. 52, no. 1, pp. 454-460, 2019.
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Data acquisition and data analysis (pipelines)
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Data acquisition and data analysis (pipelines)

Get all relevant signals and provide understanding
« Data analysis and control pipeline: for supporting

decision-making and analysis of beam optics, first test at
PETRA Il based on kafka (M. Boese, 1. Agapov)

§€ kafka

« Standardize interfaces: between algorithms and
simulations / machines

. : N
(J. Kaiser, O. Stein) ( Machine Interface
High-Level Program read(channel) .
e.g. custom DAQ, Optimiser, | Machine Specific :ﬂgcg&epg_oggfﬁfmc:ﬁEé
RL agent Logic o , '
or other write(channel, value) - Flute, LCLS
. b

Courtesy Jan Kaiser & Oliver Stein
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Data acquisition and data analysis (pipelines)

« OPIS@FLASH2/DESY: ML for single-shot FEL

pulse characterization

(DESY FS-FLASH / HZB)
FEL wavelength measurement using
photoelectron TOF spectroscopy
Problem : poor signal/noise for

single-shot analysis/monitoring
g Involved facilities: Users:
= M.Braune G.Hartmann M. Giihr 300M raw traces -
U 7 M= . I | Of 4 detectors: reconstruction
=\ S.Dusterer et al. et al. dim=14K each Irina Higgins et al.,
N\ S.Palutke ICLR 2017 conference

N
HZB a @ﬁ@ _ _ o
B ML Project: neural network with B-variational auto-encoders
e reduce ADC traces to a representation with physical meaning (peak

Braune et al., JS 25 (2018) \ Center )
reduce dimensionality - data compression

eliminate artefacts, background, random events, space charge effects,
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Fault diagnosis and supervisory control

« Anomaly detection: for SRF cavities at European XFEL (1.5 GB/S) (Ayla Nawaz)

« Online implementation of anomaly detection: Trip event logger (Online trip analysis, 18 MHz sampling
frequency) (Jan Timm)

i(t) = f(z(t)) N 11
—1 yt)=g(z) ¥ N, —>
anomaly
Yes / no / what kind
Unscented Kalman Generalized
Input signals filter likelihood ratio test classification
Courtesy Ayla Nawaz
* Root-cause analysis: (XFEL linac automated trip analysis) (Nicholas wWalker) P

« Health Monitoring: Laser health monitoring with clustering based on abnormal
behavior in laser oscillation (H. Hoffmann)

Courtesy Nicolas Walker
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(Surrogate) modelling, simulations, digital twins

 Modelling for model-based control / diagnosis: Data-based nonlinear modeling exploiting physical

understanding by Koopman operator theory for SRF cavities at European XFEL (w. Haider, A. Eichler)

20 _ . —— —
» More precise model as grey-box one E N \ “éf’ R T,
=15 { =
« 1000 times faster in evaluation for fault 2 2
detection (Kalman filter) R S A measured sl = measured
. . _E_ . E:]l]_}gzs__E:‘:lﬁ_iir_];:-'wmm "Ei ) Koopman-based identification
° Set_po”’]t |ndependent - . . . . - ! : “. ! - C:}‘ﬂ . . —I—'—-Innnlin::ir idcnllififalinrll .
02 04 06 []'8. 1 12 |4 1.6 1.8 n2 04 06 08 1 12 1.4 1.6 1.8
« Modelling for fast simulations: Surrogate model for the fime fms] Time [ms]

injector of European XFEL using neural networks (J. Zhu) = Experimental demonstration of high-quality mega-pixel image prediction

(c) Measured Predicted
* High-throughput and low-latency applications using hardware I e 9
Owcoder
[')s'," .|| A

acceleration (e.g. Versa ACAP)
(with G. Fey, A. A. Zoubi, G. Martino from TUHH) gamma (12 = 0.9997)
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Courtesy Jun Zhu
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(Surrogate) modelling, simulations, digital twins

DIGITAL TWINS - The Virtual XFEL & S2E

The VXFEL is a copy of the accelerator control system

cul Client Applications cul Client Applications
s (Java, Matlab, Python, ...) s (Java, Matlab, Python, ...)

= ... to test software, procedures, algorithms VXFEL

Physics
Simulator

= .. before the real machine is available

Simulated Frontend Servers

Frontend Servers

= ... while the real machine is in operation

GUIs, apps, ML servers: identical to
Hardware

= .. whenitis too hard to test on the real machine real machine
 Simulated frontend servers instead of

access to hardware

VXFEL Physics Simulation _ _
Start-To-End Simulations (S2E)

= Single-particle tracking through multiple branches of

the accelerator = Tracking simulated particle bunches from the gun to
a point of interest (e.g. an undulator)
= Outputs: ... to understand how to improve beam quality
= Beam position, Charge (full transmission up to |x|? ... to optimize machine parameters
+ |y > 1,52, Screens with Gaussian beam spots ... to explain observed beam behavior or predict it

= Tracking in “real-time” at 10 Hz o
Lars Frohlich et al., DESY
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(Surrogate) modelling, simulations, digital twins

* Neural network based surrogate model of LPA experiment

« Data from LUX laser-plasma accelerator trains a surrogate model and

enables single-shot predictive modeling of the plasma electron properties
» Paves the way for active feedback + stabilization and virtual diagnostics

* M. Kirchen et al., “Optimal beam loading in a laser-plasma accelerator”

PRL 126, 174801 (2021)
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« OCELOT: Multiphysics simulation toolkit (already started in 2014) (s. Tomin/ 1. Agapov)

* Charged particle beam dynamics module (CPBD)

» Native module for spontaneous radiation calculation

* FEL calculations: interface to GENESIS and pre/post-processing
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Courtesy: Manuel Kirchen
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https://github.com/ocelot-collab/ocelot

Optimization and feedback control algorithms

(S. Tomin/ 1. Agapov)

DESY. | ML@DESY | Annika Eichler

d qgf sf
; ! 1 Length, m
o X

(-
OCELOT Optimizer: Platform for automated

optimization of accelerator performance

Machine Interface

“ Ocelot Optimizer
Operator GUI Algorithm API
Optimization
algorithm

https://github.com/ocelot-collab/optimizer

Physics-based deep neural networks: NN-based beam adjustable orbit and optics control for
storage rings* (A. lvanov, I.Agapov)
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Courtesy Andrei lvanov

* Andrei lvanov and llya Agapov, “Physics-based deep neural networks for beam dynamics in charged particle accelerators
Physical Review Accelerators and Beams 23, 07461 (2020)
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https://github.com/ocelot-collab/optimizer

Optimization and feedback control algorithms

 Reinforcement Learning for beam focusing :

First steps of applying RL for beam focusing at ARES,
collaboration project with KIT (. Kaiser, 0. Stein, A. Eichler)

Action (kg,, kg,, ko,,vc,:7c,) rﬁ, Observation (py, fy, 0z, 0y)
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Courtesy Jan Kaiser & Oliver Stein
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Optimization and feedback control algorithms

Push the way of operation, optimize performance

 Machine Learning of Laser-Plasma accelerators:
Surrogate modeling and Bayesian optimization at LUX

« Optimization of electron beam parameters

« LUX laser-plasma accelerator tunes to sub-percent energy
spread beams using Bayesian optimization

» S. Jalas et al. “Bayesian optimization of a laser-plasma
accelerator’” PRL 126, 104801 (2021)

E (MeV)
200 250 200 250 200 250
5 O 1 1 1 1 1 1
S ' AE/E:3.7 % AE/E:1.3%
W Q:51pC Q:52 pC
o= 254
g ;
Q9 AE/E:0.7 %
= Q:32pC
0.0
| \ \

objective
function
(@)]
1

=7 o agege i e
04 ORI | v : % :
0 10 20 30 40 50

iteration

Credits:DESY/SciCom Lab
Courtesy: Soren Jalas
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Thank you

Contact
DESY. Deutsches Annika Eichler
Elektronen-Synchrotron MSK

annika.eichler@desy.de
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