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Community Outreach & Support

Content types ”
Blog post i =

Help article

PDF
Research Spotlight:

Video Averaged Invariants
in Storage Rings with
Synchrotron Motion
Learn about s!orage nng particle
accelerator design and modeling with

RadiaSoft accelerator physicist Dr.
Stephen Webb.

Blog post

WHAT IS

< *Sirepo-?

Software and Science Codes

What Is Sirepo?
Software & Science
Codes Overview
Sirepo crash-course: Learn about
what Sirepo is. how it works, and
what it can do for your research in

this bird’s-eye view of the cloud-
based software.

Blog post

Accelerator & Beam
Physics News: Aug—
Sept 2020 Roundup

Stay on top of accelerator news wi
our roundup: we're seeing news
about a National Quantum
Information Research Center, low-
cost ventilator design & novel
dephasing less laser wakefield
accelerator concepts

Blog post

How Particle
Accelerators Work:
From Linac to
Synchrotron

Learn about particle accelerators,
from w ny and how we accelerate
pamc\es to their many appl\cat\ons in

science, medicine, art, food. and
more

Blog post

RadiaSoft’s educational blog is updated regularly, https://www.radiasoft.net/resources

Our monthly webinar series is available on YouTube, https://www.youtube.com/c/RadiaSoft

Using elegant fo
Oplimize Beom Lines

A\ radia A\ radia 37:31

MHD Simulations of
Gas-filled Copillary
| Discharge Waveguides

Continuum Simulations of
Plasma Dynamics in Capilla...

Using elegant to Optimize

Beam Lines with Dr.... with Zgoubi

Building Lorge-Scale
Opfimization
Simulations with rsopt

Usmg SRW to Calculate X-ray
Brightness from Undulators

Configuring & Running Large-
Scale Optimization Problem... -

Determining Spin Resonance

RadiaSoft LLC

Simulations

Explore Particle Accelerator
Design with MAD-X in Sirepo

- 10

Using Jupyter in Beamline

Usage
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Optimizing Your JSPEC

Synchrotron Light Magnet
Design & Simulation with...

Browser-based Lattice
Design with MAD-X

9:32 i

Synchrotron Light Magnet
Design & Simulation with...



https://www.radiasoft.net/resources
https://www.youtube.com/c/RadiaSoft

Sirepo supported codes and apps
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Machine Learning at RadiaSoft

Accelerator X-Ray Neutron
Technology Beamlines Science

Anomaly
Detection

Diagnostics DEICRAMEIS
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Inverse Models for Tuning and Diagnostics

* Train model to predict settings from readings

* Direct comparison between predicted settings and actual settings
informs operations of a potential anomaly with that magnet

* For BPM-Corrector models one can detect quadrupole errors

* Tuning the quadrupoles as a function model error for the BPM-Corrector
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Computer Vision: Sample Identification

Neutronl Beam

* Right: sample and detector area is shown as
viewed from above the instrument.

* Bottom: examples images obtained from the
experiment.

* lower plots show binary image masks created around
the sample.

* for images with no sample the mask is empty
* Bottom is the neural network prediction

* See Morgan’s Poster

N9 - /
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Feature ldentification using Clustering

* The feature of primary interest in TOPAZ data is Bragg peaks

* These are periodic regions in which contain a very high number of neutrons relative to their
surroundings
* They are very useful in inferring the periodic arrangement of atoms and elements in highly ordered samples

* Bragg peaks are detectable in voxel data by identifying clusters that exceed a threshold

* The periodicity of Bragg peaks can be determined by finding lines that pass through multiple peaks and measuring
the distance between peaks in different dimensions
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squared error

Anomaly Detection: Magnet Quench and Fault Prediction

* Autoencoders for identification of power supply faults in
the APS

Region of convergence plot for the RMS error and

squared error evaluation metrics.

Inset a) true positive rate as a function of the error threshold
inset b) shows the false positive rate as function of the error

threshold.

* Autoencoders for quench classification

Below: Latent space plot colored by

quench type

* Not quench: -1, snake: 0, main: |, rotator: 2,
unknown: 3, quad quench: 4

See Josh’s poster
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Neural Networks Improved Laser Diagnhostics

* Exploring convolutional neural networks and feed-forward neural networks for mapping datasets

4 Convolutional Neural Network b
~Radius of
Curvature
INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU POOLING j . ,
Y 4
HIDDEN LAYERS SCALAR
* Use differenced images from Thorlabs 5 :
sensor to learn relationship to the .
HASO sensor £
* Convolutional neural networks identify § °
spatially correlated features in the image ©-!
* Exploring architectures with 2 2 |
convolutional layers T edeloutput
o 4
/A\ radiasoft 34 ICFA ML Workshop

Feed-forward Neural Network

* FFNNs do not preserve complete
spatial orientation of the input image

* May improve identification of global
parameters

® Permits the inclusion of scalar inputs to
augment image data

* Pre-processing routines can further
enhance inputs
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Variational Autoencoders for Diaghostics and Noise Reduction

H M FIE 2 g & 2
e Variational autoencoders seek to Minimize 1:(x — %)

* MLP model used to extract the
tunes from the latent space

learn a smooth, regular encoding of b —
data in the latent space 1 W z
. Encoder
* VAE trained on noisy BPM data e o
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ML for Beam Size Predictions at the TES Beamline

R Detector
Top View e, s ORI W
Inputs: ? > U
* Four motor positions for adjusting
H : sample
alignment mirrors ke g T e il
Outputs: ~50.242 m 52.142 m _
KBH KBV Sample

* Beam images 56.715m 56.972m 57.140 m

truth estimate absolute error truth estimate absolute error
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We’re Hiring! Contact Info:

Project Scientist jedelen@radiasoft.net
https://www.indeed.com/cmp/Radiasoft-LLC/jobs Je @radi )

WWW.Sirepo.com
www. RadiaSoft.net
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