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Fermilab’s FAST Facility
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Multi-slit phase space measurement takes 10-15 seconds
For studies, often want both an upstream and downstream measurement



Fermilab’s FAST Facility

Generally consistent machine configuration (changing settings only)
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Multi-slit phase space measurement takes 10-15 seconds
For studies, often want both an upstream and downstream measurement
—> can we get an online prediction of what the upstream intercepting diagnostic would show?
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Predict what the output of a diagnostic would look like when it is unavailable
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Predict what the output of a diagnostic would look like when it is unavailable
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Virtual Diagnostics
Predict what the output of a diagnostic would look like when it is unavailable

fast-executing physics-based simulation

measured
machine — Real-time prediction of beam characteristics or explicit
inputs diagnostic output

e.g. GPU-accelerated
HPSim at LANSCE
(based on PARMILA)

X. Pang, et al., PACI 3, MOPMA 3
X. Pang and L. Rybarcyk, CPC185, is. 3 (2014)
L. Rybarcyk, et al., IPACI 5, MOPWI033

L. Rybarcyk, HB2016, WEPM4Y0 |




Virtual Diagnostics

Predict what the output of a diagnostic would look like when it is unavailable

fast-executing physics-based simulation

measured
machine — Real-time prediction of beam characteristics or explicit
inputs diagnostic output

e.g. GPU-accelerated
HPSim at LANSCE
(based on PARMILA)

X. Pang, et al., PACI 3, MOPMA 3
X. Pang and L. Rybarcyk, CPC185, is. 3 (2014)
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Challenges with this approach:

Execution often still isn’t so fast

Can require HPC resources

Still need a lot of work to get
simulation to match the machine
closely
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Another approach: machine learning model

Once trained, neural networks can execute quickly

Train on data from slow, high-fidelity simulations
- p +
One approach: faster modeling codes

Train on measured data

Y

Simpler models (tradeoff with accuracy)
analytic calculations e.g. J. Galambos, et al., HPPA5, 2007

Parallelization and GPU-acceleration of existing codes
HPSim/PARMILA X.Pang, PACI3, MOPMA| 3 —>| NN Model "@—F Optimization
elegant L.V. Pogorelov, et al., IPACI 5, MOPMAO35
Improvements to modeling algorithms Input Simulation
Lorentz-boosted frame ~ J-L.Vay, Phys. Rev. Lett.98 (2007) 130405 + Machine
- VAN /

An initial study at Fermilab:
A. L. Edelen, et al. NAPAC16,TUPOAS |
One PARMELA run with 2-D space charge: ~ 20 minutes
Neural network model: ~ a millisecond
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Virtual Diagnostics

Predict what the output of a diagnostic would look like when it is unavailable

training
updates
measured Online diagnostic
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Virtual Diagnostics

Predict what the output of a diagnostic would look like when it is unavailable

measured , : Real diagnostic no longer available:
Online diagpostic . .
hi — * moved to another location (e.g. cost constraints)
machnine Model measdrements . .
, * destructive, would interrupt normal ops
inputs

* blocked for update time

~ diagnostic
~ prediction But still have diagnostic prediction




The Low Energy Beamline at FAST

Generally consistent machine configuration (changing settings only)
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Multi-slit phase space measurement takes 10-15 seconds
For studies, often want both an upstream and downstream measurement
—> can we get an online prediction of what the upstream intercepting diagnostic would show?



Neural Network Model
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Scanned Parameters on Machine

gun phase scans

solenoid current scans —
(with two different laser intensities)

fit to obtain (y?)
— subset of phase (yy")
space parameters  (V'?)

beam mask screen

change slit mask and repeat for measurements in x



Could in principle use measured data alone, but want to be efficient with machine time

- use simulation data to fill in wider range of settings

fit to obtain (y?)
— subset of phase (yy')

solenoid current scans — .- > 2
space parameters (y'*)

(with two different laser intensities)

gun phase scans :
0
Il

beam mask screen

full sigma
matrix

other setting OPAL
combinations

elegant

v
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cathode = CC2
with 3-D space charge routine



Training on physics model ... NN will only be as accurate as the physics model

Poor agreement between simulation and
measured data for some input/output
relationships

- can we update the NN model with
measured data without disrupting the other
predictions?
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Trained on Simulation Only

Updated with Measured Data
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Trained on Simulation Only

Updated with Measured Data
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Why bother with simulation? = Rough initial solution facilitates training with small amount of measured data




But that still relies on the slit fits. ..

Fitting procedure changes (e.g. how image is processed, alignment) = need to re-train
Non-ideal beam =2 poor slit fits
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Bigger Picture for FAST

Fast-executing, accurate machine model

Online: faster machine studies + online optimization

Offline: study planning

downstream component design

controller training

One piece of a larger set of studies:
* Accounting for laser spot changes

* NN controller (e.g. round-to-flat beam transform)

e Final aim would be to combine these
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Earlier work: account for changes in laser spot
A. L Edelen, et al. NAPACI 6, TUPOAS |

4

Average Energy (E) |

Sy

Emittances (€., €, |

Beta Function Values (B, B) |

Alpha Function Values (o, , )]

| Hybrid [
v Neural ——>|
Network
” N
| Solenoid Strength / A

Number of Particles (Ny)|

NN-based round-to-flat beam transform

Initial Sigma Matrix
or upstream settings \\\\;

Neural
Network

24
| Desired Sigma Matrix /

P
-

o]

OO
=N
=

000/

- X121

B113

L
h

icane

B118
B120
B121

B122
B123




Lots of interesting work now at SLAC along these lines ...



Machine learning applied to single-shot x-ray diagnostics in an XFEL

e Used archived data to learn correlation between fast and slow
diagnostics

* Looked at a variety of ML methods and different diagnostics
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Longitudinal Phase Space Prediction for FACET-Il and LCLS

Simulation | [ Neural Network e Simulation + NN results match well for FACET-II (see left)
*  Small proof-of-principle study with LCLS machine data and XTCAYV images (see below)
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Computer Vision + Neural Network-based Control Policies

- Image diagnostics = nice to use directly,and some yield relatively complicated information
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- Neural Networks = very good for image processing + can learn control policies from data

Could use image-based diagnostics directly in learned control policies to switch

quickly between requested operating conditions, including to different target phase
space images from the XTCAV



Use neural networlk as a warm st

+ The Extremum Seeking (ES) algorithm has been
used successfully for particle accelerator tuning

* ES can get stuck in local minima and takes
awhile to converge

- Given some desired beam characteristics,a NN
can provide initial settings

—> fewer iterations of ES then needed to converge

(see A.L Edelen et al, FEL I 7 for a simple NN control policy example)
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Figure: Alex Scheinker




Preliminary Results
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Used NN to give suggested settings based on a new target XTCAV image,
starting from far away

ES alone unable to converge in this case, but able to converge with suggested settings
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Preliminary Results

Work with C. Emma, A. Scheinker, D. Bohler, A. Lutman
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Alexander Scheinker,l’* Auralee Edelen,2 Dorian Bohler,2 Claudio Ermrna,2 and Alberto Lutman’
'Los Alamos National Laboratory, P.O. Box 1663, Los Alamos, New Mexico 87545, USA
2SLAC National Accelerator Laboratory, 2575 Sand Hill Road, Menlo Park, California 94025, USA
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Conclusions + Outlook

* Virtual diagnostics using ML
- potentially useful both for prediction and control when physical diagnostics
have some limitations to their use (e.g. destructive measurement, too slow to update)

= limitations need to be more fully explored (e.g. sensitivity to machine drift, upstream errors)
+ Good preliminary results + experience from transverse phase space diagnostic at FAST

* Previous demonstration at SLAC using quickly-updating diagnostics to predict measurements
derived from slow diagnostics

+ Ongoing work at SLAC (FACET-Il and LCLS) to rigorously demonstrate in operation for
longitudinal phase space prediction, as well as to facilitate control



