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Data sampling

 Sampling of in total 40.000 simulations using
ASTRA with the parameters in the table below

* Bold parameters are varied within given ranges

* Code published on Zenodo

Parameter UaIuE}Hange
Laser pulse length FWHM 5to 15 ps
Transverse rms beam spot size 0.18 to 0.30 mm
Gun phase -10 to 10 deqg
Gun solenoid strength 0.15t0 03T
Temporal laser pulse shape Flattop
Transverse laser profile Radial uniform
Gun gradient 57.6 MV/m
Bunch charge 250 pC




First Model: AutoEncoder

Emittance
input
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Reconstruction

730.000 paramters

Input-Output pairs:

n-batches {(xi,y;)}7, € R¥ x R

yi = (0T7 oXxy, ¥, Bmax)

Normalized slice charge densities:

wy = (d',...,d")
Loss:
ZHYI — E(x; H2
EIlW* (B(x)II3
L(x,y) =Lg(x,y)+B-Lp(x), B >0
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lar samples

Encoder input
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Similar samples
We might need more phase space information

Idea*: slice emittance alone is insufficient to fully describe the slice phase spaces.
So the data needs to be enriched with more information, which can be done by

(1) adding 2 out of three twiss parameters per slice
— Would triple input dimensionality

(2) adding the mismatch parameter for the i-th slice

Mismatch parameter

1
Gi = 5[50%’ — 2apa; +70Bi] > 1

— Would double input dimensionality

Ll
5 10 15

z mm

*Credits to Xiangkun from PITZ for the idea Mismatch parameter



Improvements with misalignment

Conditions: @ o wminles ) i s
e Encoder architecture fixed 014 -
« Data with and without misalignment .
0.04 0.002
parameter B
. . 0.08 0.0016
* Input dimension 80 vs 120/60 . ‘“’3 |
0.02
- - - 004
(1) Faster convergence in training 002 oo1 \-\
and final MSE train error reduced = b
by 1 order (~10%) i oo
(3) Encoder prediction error
(2) Neglectable error difference 1% . ol
between results on 20 and 40 slices 072 o
E 1072 g 1=
(3) Improved parameter predictions £ 1]
? 0 10744
& 1o o
. . - o B [o} = -
(4) Reduction of encoder complexity wa] : . "
Before: 488.900 parameters 10 ) I
Now: 235.364 parameters 5 ! s or %

— Encoder with 40 slices
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Encoder prediction error
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L1 encoding error per input parameter on test set.
Left: without misalignment (N=40). Right: with misalignment (N=20)



Ansatz: Experiment with Variational Auto Encoder (VAE) models

u
X ™ he(x) |:> N(|p|,|diag(e?®) |) ~ | 2 fo(z) ¥ |:>D( ¥|) ~|x
\ Y | ’ J
Variational posterior as an encoder Generative model as a decoder
B-VAE Objective:
n
lossyag (6,0) = — > E. oy (s]a) logpa(@i | 2i)] — KL(qe(zi | =) || p(2:)) -3
= |

Figures from https.//mbernste.github.io/posts/vae/
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VAE Experiments — Latent Space

Latent space distribution ¢
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t-SNE Dimension 2

VAE Experiments — Latent Space

t-SNE 2D Latent Space Visualization
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Reconstruction Results
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ACCELERATOR SYSTEM PARAMETER ESTIMATION USING
VARIATIONAL AUTOENCODED LATENT REGRESSION *
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Next Steps (1)

Pulse shaping in close collaboration with Denis
ML starting point:

Artificial neural networks for nonlinear pulse shaping in optical fibers

Sonia Boscolo”, Christophe Finot™"

? Aston Institute of Photonic Technologies, School of Engineering and Applied Science, Aston University, Birmingham B4 7ET, United Kingdom
® Laboratoire Interdisciplinaire Carnot de Bourgogne, UMR 6303 CNRS-Université de Bourgogne-Franche-Comté, 9 Avenue Alain Savary, BP 47870, 21078 Dijon Cedex,
France



Next Steps (2)

* Preprocessing of experimental data by student
assistant (starting tomorrow)

* Some experimental data samples available
already

« Start with benchmarking on exp. data



Actual
| |

Task |Verantwortung
A. Laseroptimierung

1. Demonstration realistischer Modellierung des Lasersystems HT

2. Messung des Laserpulses (Desy Lasersystem) HT

3. Messung des Laserpulses (Amphos Lasersystem) ™

4. Feedbackmechanismus zur Pulsformung HT
4.b Feedbackmechanismus Industrielaser HT/TM
5. Dokumentation, Schreiben der Doktorarbeit HT

B. Photoinjektoroptimierung

1. Moddelierung XFEL/PITZ Photoinjektor und Trainingsdatenset |WH

2. Alternative Photoinjektor Gemoetrien und Trainingsdatenset |WH

4. Verifikation Modell WH

6. Dokumentation, Schreiben der Doktorarbeit WH

C. Datengetriebene Photoinjektoroptimierung

1. Maschinelles Lernen - Digital Twin Konzeptdemonstration NA

2. Maschinelles Lernen - Full Digital Twin NA

3. Maschinelles Lernen - Digital Twin mit Experimentellen Daten [NA

D. Ende-zu-Ende Optimierung
1. Demonstration Ende zu Ende Optimierung [WH/HT

Now
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