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Introduction )

» Fast simulations of intense relativistic electron beams are sufficient for tuning
an accelerator’'s magnetic transport field.

m Can’t capture all relevant beam physics.

B Not sufficient for optimization problems due to model limitations.

» Simulations that capture all relevant beam physics are significantly more
computationally expensive.

B Less useful for optimization problems.

» Transfer learning for optimization problems using both types of simulations.



Objective

» Replace a high-fidelity simulation with a machine learning model using
limited data

» Low-fidelity simulations - large amount

» High-fidelity simulations - very little

B Experimental “surrogate” data
» Transfer learning from low-fidelity to high-fidelity
» Simulated data to be used - Beam envelope

» Why beam envelope?

B Importance for linear induction accelerators (e.g., Scorpius)

B Precursor for magnetic transport lattice optimizations nnu
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Low-Fidelity Simulations

» Radius using beam envelope equation?
» Runtime: 0.0171 seconds
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1. Ekdahl Jr., C. A., “The beam envelope equation and practical applications”, LANL, 2019-08-2021
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Beam Envelope Equation
External Forces Internal Forces (Defocusing*)
A 1 | l 1
dzRenv l d]/ dR R —( K ]I 53 +[(})9 /mec)z]
dz* /8 4 dz Lzﬁ /4 dZ ﬁ - Renv | (/87/ )2 Rjnv
Adiab_atic dam_pe_nlng Centripetal force
by axial electric field |

Focusing by radial

_ ) Emittance (“temperature”)
electrical field

Focusing by solenoidal
magnetic field

Space-charge force

*Defocusing in LIA vacuum
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1. Ekdahl Jr., C. A., “The beam envelope equation and practical applications”, LANL, 2019-08-2021
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High Fidelity Simulations

» Large Scale Plasma (LSP)

m Particle-in-cell code
m Calculates forces on particles per timestep
B Includes more relevant physics

B Runtime: ~30 minutes

» “Surrogate” experimental data

SORD~



Data

» Dataset sizes (# of shots)
m Low-fidelity: 73,773
m High-fidelity: 971

» Data shape:

B Input: 36 (randomized currents)

X0 X1 Xz x35

m Output: 320 (control points of beam envelope)
® Step length where dz = 2cm

Yi
y
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Y318

Y319

R
NEVADA NATIONAL
SECURITY SITES

» Data splits
B Test=30%

B Train + Validation = 70%
® Train = 70%
® Validation = 30%

12 magnets 36 magnets
with fixed currents with variable currents
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Machine Learning - )

» PyTorch » [nput: magnet currents
» Model architecture » Output: beam envelope
B Residual network? using dense layers » Train: Low—FideIity
m Optimizer

» Transfer learn: High Fidelity

® AdamW with L2 regularization

» Evaluation metrics

B Mean squared error (MSE) Y,

Yy
0\/1

Y2

Magnet Structure
——p ResNet =———p

Y318
X35

Xg X1 X3
Y319

2. He, K. et al., “Deep Residual Learning for Image Recognition”, CVPR, 2016. BIRECTED HESEARCH £ BEYELONAES
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Quantitative Results

Train on Lo-Fid Train on Lo-Fid & Train on Lo-Fid & | Hi-Fid MSE
Test on Hi-Fid Transfer on Hi-Fid | % Decrease
MSE (Test) 0.00263 3.14 0.00906 99.7%

ML Model ML Speed

Increase vs
Hi-Fid
Speed 0.0171s ~30 minutes 0.0793 s 99.9%
Using INTEL(R) XEON(R) GOLD 5520+ Processor

Lo-Fid = Low-Fidelity

Hi-Fid = High-Fidelity snnm
aonen 13

ML = Machine Learning
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Train on Lo-Fid

» Test MSE: 0.00263
» Strong agreement between model output and ground truth

Prediction vs Ground Truth

Prediction vs Ground Truth

On-axis beam propagation, z (m)

Prediction vs Ground Truth

0On-axis beam propagation, z (m)
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li-Fid

Train on Lo-Fid & Test on

» Forward pass of high-fidelity data on model pretrained on low-fidelity data
» Test MSE: 3.14
» Shape generally same but shifted

Prediction vs Ground Truth Prediction vs Ground Truth Prediction vs Ground Truth
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Train on Lo-fid & Transfer on Hi-Fid

» Test MSE: 0.00906
» Acceptable results despite noise and gaps

Envelope Radius Reny {cm)

w

Prediction vs Ground Truth

Prediction vs Ground Truth

Prediction vs Ground Truth
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Pruning ,.

» Over 3.4 billion parameters

» Drop unimportant parameters to see how it affects model’s performance
» L1 Regularization

» Pruning: 5%, 10%, 15%

0% Pruned 5% Pruned 10% Pruned 15% Pruned

MSE 0.00263 0.00313 0.00729 0.0172
Weights 0 174M 348M 523M
dropped

SDRDe



Pruning

» Model output becomes noisier with as more weights are pruned

0% Pruned

Envelope Radius Repy (cm)

A

\

\

3 4 5
On-axis beam propagation, z (m)

10% Pruned

Envelope Radius Repy (Cm)

W, (J

3 4 5
On-axis beam propagation, z (m)

Envelope Radius Repy (cm)

Envelope Radius Repy (cm)

5% Pruned

3 4 5
On-axis beam propagation, z (m)

15% Pruned

2
W

On-axis beam propagation, z (m)
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Pruning

» Gaussian filter, 0 =5

0% Pruned

Envelope Radius Rey, (cm)

1 — epred
— @T

3 4 5 &
On-axis beam propagation, z (m)

10% Pruned

Envelope Radius Reqy (cm)

—— Pred
— Gr

3 4 5 6
On-axis beam propagation, z (m)

Envelope Radius Rey, (cm)

Envelope Radius Rep, (cm)

5% Pruned

1 — epred

3 4 5
On-axis beam propagation, z (m)

15% Pruned

1 — pred

3 4 5
On-axis beam propagation, z (m)
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Future Work

» Extend for variable parameters for 12 fixed magnet currents

12 magnets 36 magnets
with fixed currents with variable currents

» Experimental data from LIAs
» Replace high-fidelity LSP simulation for magnetic lattice optimization

» First step for other optimization problems nl}
&)
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