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Machine learning in laser-plasma physics

Data-driven Science and Machine Learning Methods in Laser-Plasma Physics
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and machine learning in January 2022

Laser-plasma physics has developed rapidly over the past few decades as lasers have become both
more powerful and more widely available. Early experimental and numerical research in this field
was dominated by single-shot experiments with limited parameter exploration. However, recent
technological improvements make it possible to gather data for hundreds or thousands of different
settings in both experiments and simulations. This has sparked interest in using advanced techniques
from mathematics, statistics and computer science to deal with, and benefit from, big data. At the
same time, sophisticated modeling techniques also provide new ways for researchers to deal effectively
with situation where still only sparse data are available. This paper aims to present an overview
of relevant machine learning methods with focus on applicability to laser-plasma physics and its
important sub-fields of laser-plasma acceleration and inertial confinement fusion.

(150+ registered participants)

- Special issue in High-Power Laser Science and

- - CONTENTS C. Downhill simplex method and gradient-based
ng I nee rl ng . algorithms 22
1. Introduction 9 D. Genet.ic algor‘it}.lms. 23
A. Laser-Plasma Physics 2 E. Bayesmn optlmlzatlc?n 23
. m B. Why data-driven techniques? 3 F. Reinforcement learning 26
* Pre-print of review paper (30 s) recentl et e

re p rl n r VI W r + a e r n II. Modeling & prediction 4 V. Unsuperwsed Learning 27
A. Predictive models 4 A. Clustering 27
1. Spline Interpolation 5 1. Centroid-based clustering 27
- P [verp 2. Distribution-based clustering 27
- 1 2. Regression . B. Correlation analysis 27

3. Probabilistic models 5 . . Ay .
e . . 6 C. Dimensionality reduction 27
- raussian Process regression 1. Principal component analysis 27
5. Decision trees and forests 7 9. Autoencoders 98

6. Neural networks 9

7. Physics-informed machine learning VL. Image analysis 29

1. A. DOpp et al. Data-driven Science and Machine Learning Methods in
Laser-Plasma Physics, arXiv:2212.00026 (2022)

submit/4626985 [physics.plasm-ph] 30 Nov 2022

models 11 A. Classification 29

B. Time series forecasting 12 1. Support vector machines 29

1. Classical models 12 2. Convolutional neural networks 29

2. State-Space Models 13 B. Object detection 30

3. Forecasting networks 13 C. Segmentation 31
C. Prediction and Feedback 14

VII. Conclusions 31
III. Inverse problems 15

A. Least squares solution 16 Acknowledgements 32
B. Statistical inference 16

C. Regularization 16 References 32
o D. Compressed sensing 17
. 2 E. End-to-end deep learning methods 18
>< F. Deep unrolling 19

—

< IV. Optimization 20
A. General concepts 20
1. Objective functions 20
2. Pareto optimization 21
B. Grid search and random search 22

*

a.doepp@lmu.de




Machine learning in laser-plasma physics

» Held 1st online workshop on control systems
and machine learning in January 2022
(150+ registered participants)
Special issue in High-Power Laser Science and
Engineering.
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Machine learning strategies
General use cases
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Part 1
Multi-objective, multi-fidelity
Bayesian optimization



Bayesian optimization

Sequential surrogate-based optimization

® Evaluated points — == Ground truth — GP mean GP std Sl = | —_ MES —— JCB (K = 2)
1. Build model 3. Build new model 5. ...
e
/

y(x)

4. Choose new point
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(Gaussian process regression

Modeling functions via correlations

Correlation matrix

10

White noise kernel (¢ = 0.5) .~

RBF kernel (7 = 1.0)

y(x)

y(x)

Prior Distribution

White noise kernel (c = 0.5)

2
-3 T T T T
3
RBF kernel (7 = 1.0)
2 - Variance \V
1 -1 A X
5 Mean
=19 “~___Samples i
_ o
Jx) ~ GP(u(x), o(x, x'))
3 1 T 1 T

Periodic kernel (£ = 1.0, A = 3.1)

10

* Non-parametric method: Predicts function values
based on observed data without a predetermined model.

- Covariance function/Kernel: Defines the relationship
between points, capturing their correlations.

» Probabilistic description: Provides a full description of

the function, including mean and uncertainty.



(Gaussian process regression

Modeling functions via correlations
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Bayesian optimization

First experimental results in laser-plasma acceleration
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Multi-objective, multi-fidelity
Bayesian optimization



The dinner problem




Multi-objective optimization
The dinner problem

® restaurants
> hotel

37.13

3712

1 Berlim S08 16 1.3 37.11540596641253, -8.652415012215626
2 RESTAURANTE AMATILDE 338 41 13 1 37.11130779737746, 8. 66835771591389
3 Way Point Restaurante 0 42 16 1.2 37.11108481832249, -8.672930553184326
4 Poriofinos 622 4.1 18 1.4 37.105607601219466, -8 673146823866775
S Bahia Beach Bar 602 42 28 2.3 37.10716580672824, 8. 664519435513847
37 l l 6 Tasca do Kiko 1105 45 2 1.8 37.106624656646474, 8.6659308679650374
- 7 Munich 258 43 23 1.9 37.1105486592403, -8.677055276454404
>——— 8 Dom Vinho 65 45 25 2 37.110124919549€605, -8.678738568043244
o 9 Marisqueira "0 Percove® 531 45 28 2,2 37.1103292555888, -8 6794283638607687
—— 10 Aversda Restauranie 238 45 28 2,2 37.107751331422925, 8.675210473584627
11 Dethi Darbar indian restaurant 1592 4.7 25 2 37.11005631516564, -8 676511807921088
12 Restaurante Rafiano Tradicional 6 4 3 2.4 37.10238156732768, -8.674058597903255
13 Restauranie Ress 1095 45 30 2,4 37.1021001181831595, 8.673296645313904
14 Empanadas & Co 813 49 35 2,7 37.10118554915564, -8 676540858243556
15 Pomd - la pasta bio italiana 545 45 2 2.5 37.10151921549556, -8 674465875596285
-an 16 Goji Lounge Café 0 4.7 32 2,5 37.10112913445654, -8 673816704831587
z 17 Restsurante Chele Artur 200 45 29 2.3 37.10718524230119, -8.67721415085503
-— 3 7 . lo 18 Don Sebastifio 1711 43 3 2.4 37.1019189922049], -2 671770260655029
19 Impénio do Mar 919 39 2.6 37.10040313626079, -8 671166052702327
20 O Brio 31 45 ¢ 3.1 37.097610926295324, -8 6765978329408325
21 Casinha do Petisco 1454 4.7 4 2.5 37.101032895240326, -2 674086525145648
22 Restaurante Do V age 0 39 " 4.2 37.0893268911832, 8. 6727455936541522
23 Restauranie Onda Norle 245 45 3.8 37.052670065508315, 8.67318708389526209
24 Repotho Gastrobar & Garradera 478 46 318 37.09245587585402, 8 67345013125560

25 Gabo Pardo 760 44 318 37.0923395

26 Ama Lusa 710 456

2114776, -8 .673565339208367

7 Ashoka Indan Tandoorn cusine

4153

Da China 82 4 3.7 37.054012

37.09

37.08

-8.70 -8.68 -8.66 -8.64 -8.62 -8.60
longitude [*)



Multi-objective optimization
The dinner problem
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37.08 1000 2000 3000
distance [m]
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Multi-objective optimization
The dinner problem

37.13 ¥ 4 @ restaurants
X hotel

37.12

37.11

Restaurante Por do Sol Meia Praia
Lagos

latitude [°)

redoz

37.10

ogrest restaurant

37.09
37.08 1000 2000 3000
distance [m]
-8.70 -8.68 -8.66 -8.64 -8.62 -8.60

longitude [*)



Multi-objective optimization
The dinner problem
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Multi-objective optimization
The dinner problem

37.13 hotel

37.12

37.11

latitude [°)

37.10

37.09

37.08 | 3000

-8.70 -8.68 -8.66 -8.64 ~-8.62 -8.60



Multi-objective optimization
The dinner problem

37.13 hotel

37.12
_ 3111
= 37.10

,Dominated*
37.09 points
Tors 5 1000 2000 3000
distance [m)
-8.70 -8.68 -8.66 -8.64 -8.62 -8.60



Multi-objective optimization
The dinner problem

37.13 - \ 7 ¥ hotel
@0 \\
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37,12 = \
|
3ty J
» i 5.0 1 .--®
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?1 4.8 4 Lo
s 37.10 4.6
o I'
g 4.4 1 "
& i
37,09 “ ¢ \
| / - i Pareto front
/’ " (trade-off curve)
381 2 -1 -
37 08 1000 2000 3000
distance [m)

- v 1

In multi-objective optimization we have multiple (competing) goals with different trade-offs.



Multi-objective optimization
The dinner problem

37.13
37.12
37.11 v
S 37.10 '
p= 4
- s N Hypervolume
c 424 \ improvement
37.09 / ' Pareto front
_ . 07 . (trade-off curve)
S o :
381 T v -
37.08 1 i od 1000 2000 3000
o distance [m]
r T o0 v

In multi-objective optimization we have multiple (competing) goals with different trade-offs.
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Multi-fidelity optimization

The dinner problem

; \A o7 iy, . I ]
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In multi-fidelity optimization we have different confidence in measurements.



Multi-fidelity optimization

The dinner problem

YA o LEPK ST 2R e 7
37.13 J ' /"/ ! 9“‘ , AV 4 X hotel
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37.11 size o \/# reviews
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._6 37.10 4 6 d O I OIO o o
o o( D @)
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In multi-fidelity optimization we have different confidence in measurements,
thus spanning another dimension that represents how much we trust the point.



Multi-objective, multi-fidelity
Bayesian optimization
applied to laser-plasma acceleration



Multi-objective multi-fidelity optimization
Optimization of electron beam properties (FBPIC simulations)

- We want to optimize three electron beam
parameters:
. Charge Q (total charge, charge within FWHM, etc.)

» Bandwidth (standard deviation o, median absolute
deviation £, ), etc.)

. Distance to a target energy | E, — E|

arget

(using mean energy, median energy, peak energy, etc.)



Multi-objective multi-fidelity optimization
Optimization of electron beam properties (FBPIC simulations)

+ We want to optimize three electron beam = © Different metrics |
ters: = 10 - 0 0 0 (a)
parameiters. = AE2 - o in
. Charge Q (total charge, charge within FWHM, etc.) % VO N> 7
- - | O O JIAE| Eyap _
- Bandwidth (standard deviation 6, median absolute 50 }| E
—
deviation £, ), etc.) g —
Distance to a target energy | E — E| Sl | I _
. 9 gy target . . I
- Different weights 3 (b)
(using mean energy, median energy, peak energy, etc.) ; 15 - O
<>
» We can use the simulation resolution as our 5 10
o e . . . . O, ] AE|-E
fidelity, i.e. we trust a high-resolution simulation . AETEmap
. . . . . o0
more than a low-resolution simulation (including =5 5 -
: : =
low-res gives one order of magnitude speed-up) O
» Choosing different metrics or weights for each 020' 0 '250 ' 3(‘)0 350 4(')0

N h th : : ..
objective changes the outcome in an a priori Energy [MeV

- Irshad, F., Karsch, S., & Dopp, A. Multi-objective and multi-fidelity Bayesian optimization of
laser-plasma acceleration. Phys. Rev. Research 5, 013063 (2023)

unknown way!



Multi-objective multi-fidelity optimization
Optimization of electron beam properties (FBPIC simulations)

Charge [pC]
Pareto surface 0 500 1000

(;ingle <«
objective \
results Pareto front

(b)

I
100 0
|E — Eo| [MeV]

1. Irshad, F., Karsch, S., & D6pp, A. EHVI for simultaneous multi-objective and multi-fidelity optimization. arXiv preprint arXiv:2112.13901 (2021)
2. Irshad, F., Karsch, S., & Dopp, A. Multi-objective and multi-fidelity Bayesian optimization of laser-plasma acceleration. Phys. Rev. Research 5, 013063 (2023)



Multi-objective multi-fidelity optimization
Optimization of electron beam properties (FBPIC simulations)

25 |
» Once the Pareto-optimal solutions are identified, (a) ﬂ —— MO(0Oy)
— MO(O
we can choose from them what kind of beam we o - o i 22
< n —h— E
want. ~ 15 -
O
=
50 10 - \
Qv
S
5 -
M
0 _J 1') I I
20 |
(b) —N— Epeak
- We can also use the model’s data to change = 15 - m
= |
parameters a posteriori, e.g. to tune the beam S) |
210 :
energy. o0 |
gg |
= O :
~ |
0 — jll } ] —
200 250 30 350 400

Energy [MeV]

- Irshad, F., Karsch, S., & Dopp, A. Multi-objective and multi-fidelity Bayesian optimization of
laser-plasma acceleration. Phys. Rev. Research 5, 013063 (2023)



Multi-objective multi-fidelity optimization

Optimization of electron beam properties (Experiment)

L e e

Magnet Spectra at one position

) spectrometer

\ . ; A
». .‘° _—
! Target : .

Z :

Focusing
mirror

Gaussian Mixture Model

l

Extract objective values (Q, ur, og, -..)

l

Gaussian Process Model

l

Expected Hypervolume Improvement

-

Tango controls [«

* N. Weil3e et al. Tango Controls and Data Pipeline for Petawatt Laser
Experiments, HPLSE, 10.1017/hpl.2023.17 (2023)

- F. Irshad, et al. Pareto Optimization of a Laser Wakefield
Accelerator (under review)



Multi-objective multi-fidelity optimization
Optimization of electron beam properties (Experiment)

* Once the Pareto-optimal solutions are identified,
we can choose from them what kind of beam we
want.

- We observe that many of the Pareto-optimal
solutions yield the same laser-to-beam

efficiency.

- N. Weil3e et al. Tango Controls and Data Pipeline for Petawatt Laser
Experiments, HPLSE, 10.1017/hpl.2023.17 (2023)

- F. Irshad, et al. Pareto Optimization of a Laser Wakefield
Accelerator (under review)
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Multi-objective multi-fidelity optimization
Optimization of electron beam properties (Experiment)

- Once the Pareto-optimal solutions are identified, > X
- v
we can choose from them what kind of beam we ~ 10 . ® . 15 §
‘o. w,
want. g 157 ¢ o MR ® &
— o .. =
* We can select and exploit one particular § 20 A N ‘?‘ .
solution within the Pareto-optimal solutions by A 25 - v 2
> RS
- . L ) =
fiting Oyepeer = a1Q + a0 + a; Etarget — E| g 30 1 L . g
— PN '
such that it is maximized for the selected point. EECE o “. 35 g'
¢" ‘| e
40 - : , P B0 o
600 800 1000
- h
~ Charge [pC]
< 204
Q
=
Q
4
T 0 1
O 0 100 200 300 400

* N. WeiBe et al. Tango Controls and Data Pipeline for Petawatt Laser
Experiments, HPLSE, 10.1017/hpl.2023.17 (2023) Energy [MeV]
- F. Irshad, et al. Pareto Optimization of a Laser Wakefield

Accelerator (under review)



Part 2
Inverse problems



Inverse Problems
Determining cause from effect

Cause and Effect: Inverse problems involve determining the cause (e.g. 3D structure) from the observed effect (e.g. 2D projections).



Inverse Problems
Determining cause from effect

/@) =0

lll-posed Problems: Inverse problems often lack a unique

| . e Y
@ _f (D) solution or are sensitive to input data.

Use Regularization to stabilize the solution by introducing
additional information or assumptions.

Cause and Effect: Inverse problems involve determining the cause (e.g. 3D structure) from the observed effect (e.g. 2D projections).



Inverse Problems
An example

/@) =0

3-D intensity distribution in time
s R
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BSHIL e dp
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' Ji

do :;.i;—:-:j

Knowledge necessary for
+ Highest peak-intensity |-
- Accurate simulations
* Spatio-temporal shaping "
(flying focus etc.)
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Ultra-intense laser characterization

x [micromater]

00 -0 o0 S0 100 150

150

3-D intensity distribution in time

n=n,Xn,xn, ~ 1000 x 1000 x 100 = 10° voxels

100 million parameters: Need many measurements

Common solution: Fourier transform spectroscopy (INSIGHT,
TERMITES) with >1000 2D measurements at 1 MP



Ultra-intense laser characterization

x [micromater]

%00 -0 o S0 100 150

150

3-D intensity distribution in time

n=n,Xn,xn, ~ 1000 x 1000 x 100 = 10° voxels

100 million parameters: Need many measurements

Common solution: Fourier transform spectroscopy (INSIGHT,
TERMITES) with >1000 2D measurements at 1 MP

But are voxels really a good base function choice?



Ultra-intense laser characterization
Multi-spectral, modal reconstruction

I(x,y,t) = ||F :\/I(x, y, @) + EXP (i(I)(x, Y, a)))

T

This is the important part,
describing the focused intensity!



Ultra-intense laser characterization w

Multi-spectral, modal reconstruction

2
|

I(x,y,t) = ||F :\/I(x, y, @) + EXP (i(D(x, Y, a)))

-
O

&
O ©
0@

®~0
O5C

<— We know there is a very good base to describe phase:
O Zernike polynomials

Y
X

O 2, (p, p) = R;'(p) cos(m ¢)

O Z " (p,p) = R'(p) sin(m ),

D
@



Multi-spectral, modal reconstruction

. L ”\‘
Ultra-intense laser characterization w

2
|

I(x,y,t) = ||F :\/I(x, y, @) + EXP (iCD(x, Y, a)))

We also know there is a very good way to describe
SpeC’[raI phase: Taylcr expanSiOn (group delay, group delay dispersion, etc.)



Ultra-intense laser characterization
Multi-spectral, modal reconstruction

I(x,y,t) = ||F :\/I(x, y, @) + EXP (i(I)(x, Y, a)))

a Group delay dispersion
0,0 P y disp

[4) Group dela
0, 0 p y

1

al 1 Horizontal pulse front tilt

Can describe the hyperspectral wavefront using
Zernike-modes and Taylor-expansion in frequency

Spatio-spectral phase

O(x,y, ) = ) ay, (@ — o) Z(x, )

ertica Lo’
stigmatis 3
Z—3 — Zl Z3
3 3 3
: : : m,n,l
Vertica ertica Oblique
trefoi coma trefoil

m,n




Ultra-intense laser characterization
Multi-spectral, modal reconstruction

2
|

I(x,y,t) = ||F :\/I(x, y, @) + EXP (iCID(x, Y, a)))

|

D(x,y,w) = ) ahy (@ = @) Z3(x, )

mJn,i

Can describe the hyperspectral wavefront using
Zernike-modes and Taylor-expansion in frequency

Instead of > 1,000,000 voxels we only need to
reconstruct dominant mode coefficients

Allows us to retrieve spatio-temporal couplings within
a few measurements



Ultra-intense laser characterization
FALCON - Fast Acquisition of Laser Couplings using Narrowband Filters

100 -

[ A

75 |

L I

760 780 800 820 840
Wavelength [nm]

Transmission [%]

*>e® Simple, robust device

- N. WeiBBe, J. Esslinger et al. Measuring spatial-temporal couplings using modal multi-spectral wavefront reconstruction, Opt. Express 31, 19733-19745 (2023)



Ultra-intense laser characterization
FALCON - Fast Acquisition of Laser Couplings using Narrowband Filters

This is for a simple 2x2 lenslet SH detector
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- N. WeiBBe, J. Esslinger et al. Measuring spatial-temporal couplings using modal multi-spectral wavefront reconstruction, Opt. Express 31, 19733-19745 (2023)



Ultra-intense laser characterization
FALCON - Fast Acquisition of Laser Couplings using Narrowband Filters
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Translate into an inverse problem | pseudo-
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calculation

(basically
realtime)
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- N. WeiBBe, J. Esslinger et al. Measuring spatial-temporal couplings using modal multi-spectral wavefront reconstruction, Opt. Express 31, 19733-19745 (2023)



Ultra-intense laser characterization
Measurement of STCs of the ATLAS petawatt laser

 Full measurement takes ~ 1 minute

(9 wavelengths, 5 shots each)

» Measurement shows couplings in ATLAS are
< A10 between 780 - 820 nm

- FALCON measurement now routinely

performed every day after focus measurements

- N. WeilBe, J. Esslinger et al. Measuring spatial-temporal couplings
using modal multi-spectral wavefront reconstruction, Opt. Express
31, 19733-19745 (2023)
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Ultra-intense laser characterization
L east-squares in Zernike-Taylor basis

n, X x, X n, ~ 1000x1000x100 numbers
Minimize . l 2
—_— —— —
Ax =Yy arg min{ ||Ax — y||”}
X
Transform YW to (truncated) Zernike-Taylor basis

arg min{ ||A¥% — y||*}

' T
Leading coefficients (<1000)

Much more robust reconstruction!

1. A. DOpp et al. Data-driven Science and Machine Learning Methods in Laser-Plasma Physics, arXiv:2212.00026 (2022)
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Ultra-intense laser characterization w

Compressed sensing

n, X x, X n, ~ 1000x1000x100 numbers
Ax =y ——— argmin{||Ax — y|*}
X

Transform to some sparse basis
(e.g. wavelet, PCA, etc.)

arg min{ [[APX — y||* + || %]}

T

Few coefficients as possible

1. A. DOpp et al. Data-driven Science and Machine Learning Methods in Laser-Plasma Physics, arXiv:2212.00026 (2022)
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Ultra-intense laser characterization w

Deep compressed sensing

n, X x, X n, ~ 1000x1000x100 numbers
Ax =y ——— argmin{||Ax — y|*}
X

Transform to some sparse basis
(e.g. wavelet, PCA, etc.)

arg min{ [|APX — y||* + S())

T

Learnt regularization
(Residual estimate)

1. A. DOpp et al. Data-driven Science and Machine Learning Methods in Laser-Plasma Physics, arXiv:2212.00026 (2022)



Ultra-intense laser characterization
Deep compressed sensing

Ax =Yy

X = argmin{|[A¥X — 162

1. S. Howard et al. Hyperspectral Compressive Wavefront Sensing, High Power Laser Science and Engineering, 2023, 11(3):32



Ultra-intense laser characterization
Deep compressed algorithm unrolling

T | - Reconstructed Reconstructed
Coded | | ] Y :
Interferogram Wavelront:

Shot J D(‘Q]? H)'p('r('llb(' ,\'('cpliun-l.Sl &(x, Y, W)
Unrolling

ootialize

@lll ﬂllﬂw
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1. S. Howard et al. Hyperspectral Compressive Wavefront Sensing, High Power Laser Science and Engineering, 2023, 11(3):32



Ultra-intense laser characterization
Deep compressed algorithm unrolling

a) b)

Deep | .
Unrolling | Xception-LS|
—_— o —_—

1. S. Howard et al. Hyperspectral Compressive Wavefront Sensing, High Power Laser Science and Engineering, 2023, 11(3):32



Conclusions and Outlook
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