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Four presentations:

6D Phase Space Reconstruction (Ryan R.)
Application.of Physics Informed NN (Francesco V.)
Phase Space Tomography Using BPMs (Kilean H.)

Simulation Studies for Orbit Correction (Lucy L.)



Ryan R.

Phase Space Reconstruction Using Neural Networks and
Differentiable Simulations

Inferring Beam Distributions Using Optimization
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Francesco V.

Improving Neural Networks Predictions using Physics -

PINN for the CERN Accelerators

min(Loss) => Loss = Mean(data - prediction)2
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= Using input x = {l, dl/dt} and
output y = {B, dB/dt}, we wrote
our model and loss:

Prediction

] I L1 = MSE(z1(61) — y1) + MSE(z2(61) — ¥2)

- E Lo = MSE(21(61) — 22(61))
L3 = MSE(22(61) + MLP(9(61,62), x1))
pe ™ L4 = MSE(#(67, 63) — 23(61)); F = F($); ® = {Azo, r}
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Kilean H.
Transverse 2D Phase-Space Tomography Us
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Ground truth
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Lucy Lin
Simulation Studies and Machine Learning Applications for Orbit
Correction at the Alternating Gradient Synchrotron

Test case: reconstruct errors with J ,,0q¢; Sensitivity studies for ORM

* Reconstructed error = quadrupole power supply current «  Scan through some common sources of error to see how much ORM changes
Case 1: One quadrupole 1% (4A) error

ADodot (V. npedot(s_inv, np.dot(UT, dr1))) * Find relevant parameters to include for building error-detecting model

array([[4.04152292e+00} -4.15488269e-05, 2.17313140e-05, 6.45374239%e-05,
4.039 3.09693635e-05, 2.76558248e-05, -4.31669566e-05,

0 e—0
-1. 36249941e—05: 4.91338661e-05, —6.14294896e-05, 3.19703471e-05])

* Goal: establish a neural network that identify error source given a measured ORM
Case 2: Two quadrupoles 0.5% (2A), 0.18% (0.7A) error

# Quad C17 +2 Amp, H17 +0.7 Amp
np.dot(V, np.dot(S_inv, np.dot(UT, dr2)))

array([ 3.50482558e-05, -5.54479409e-05, |2.02147800e+00
5.06832047e-05, 4.13148646e-05, 4.02598848e-05,
-2.78341654e-05, 4.27531143e-05, -6.90270247e-05,

AVl ARH
AVQ ARlz
AV]\/'fl ARn(m—l)
AI/N Aan
VA

7.07636616e-01

2.50657000e-05])

Case 3: Three quadrupoles 0.75% (3A), 0.02% (0.08A), 0.25% (1A) error

# Quad B17 +3 Amp, F17 +0.08 Amp, J17 +1 Amp o

np.dot(V, np.dot(S_inv, np.dot(UT, dr3))) 2

array([ 6.97595445e-05, |3.03074518e+00} -1.42673230e-05, 8.18292016e-06, ¢
6.05175589e-05, |8.07700864e-02) 4.40237777e-05, -8.92267806e-05, °
-4.99647748e-05, [1.01013295e+00) -2.99336376e-05, -2.01460387e-04]) °

Future work

« Finish sensitivity scan to determine relevant error sources: snake magnet
incorporation to Bmad using field maps in progress
» Make simulation more realistic: add Gaussian noises to both magnets and BPMs

« Establish a dynamic retraining routine to keep model updated during operation
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Thanks for a very productive and informative workshop!

Our community speeded up enormously in terms of adapting
up-to-date ML techniques

Looking forward to the next workshop



