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Atomic, Molecular & Optical Science

Soft X-rays for intense ultra short pulses.
Gaseous targets of atoms, molecules, and

nanoscale objects: protein crystals or viruses.

Photon energy: 0.48 — 2 keV

Pulse duration: 35 — 300 fs

Low charge mode pulse duration: No
Pulse energy: 1 - 20 mJ @ 266 - 800 nm

Max energy adjustment factor: 4.2
Low charge mode: No

Coherent X-ray imaging

Brilliant hard X-ray pulses for coherent diffractive
imaging (CDI). Ultra short pulses for “Diffraction-
Before-Destruction” experiments.

Photon energy: 5 - 12 keV

Pulse duration: 40 — 300 fs

Low charge mode pulse duration: <10 fs
Pulse energy: 1 -3 mJ

Max energy adjustment factor: 2.4
Low charge mode: Yes

Matter in Extreme Conditions

High peak brightness, ultra short pulses of
tunable energy X-rays for studying the transient
behavior of matter in extreme conditions.

Photon energy: 2.5 - 12 keV

Pulse duration: 10 — 300 fs

Low charge mode pulse duration: <10 fs
Pulse energy: 1 =3 mJ

Max energy adjustment factor: 4.8
Low charge mode: Yes

Low charge mode: Lower charge per bunch allows for tighter compression without destroying the electron beam’s phase space. Originally studying for

accelerating 0.02 nC bunches instead of 1 nC.



LANSCE

~5-6 weeks of tune up time
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LANSCE Codes do not yet match the accelerator
Closely enough to serve as diagnostics B B o | s

(] Q,-Quadrupole Magnet
[ Buncher

Q. I Bend Magnet
Q,, [ Other Components (diagnostics/scrapers/jaws...)
8” B Current Monitor
Current Monitor . ;
— Harp/Emittance
TACMOL =1, Q‘A = p
Qe = Beam
Q, Current Monitor ) = e ol |
Qu TACMO4 =1, Current Elunum ,,,s‘,‘,“‘, o 5::”2. o.0c
/ T'\t MOS =1, 3 Grusooionr ia orvsioioez
// /
4] y o Drift Tube Linac
A3A A i — ] e
Q,Qs —{ et e  E—— ~
Cutrent Monitor qHQuQQO Q.Q,Q,.Q FAMX N
HH‘LIH Y onitor Current Monitor ISASI6A% 1 18A A Q\()Q][ (22‘(222 :
TACMO2=1L,  tACMO3 =1,, ; |
| Current Monitor !
. Current Monitor | TDCMOL =1, !
Current Monitor ! i
Current Monitor TBCMO4 =1, :
IBCMO3 =L,/ L, '
X '
Qi '
I
.
I
1
Current Monitor /,,
TBCMO02 =1, ] - s
y Drift Tube Linac
\ I Il 1Nl
J‘UUL ] [l I
Current Monitor Current Monitor
Current Monitor 8"” 02CMO1 03CMO1
TBCMO1 =1 ] B
cMo1 =1, Q
Qp
Qy
Qy

H- Injector

X. Pang, HPSIim



Accelerator Tuning Challenges
* Dynamics of intense charged particle bunches dominated by:
 Components drift unpredictably with time, misalignments
* Uncertain and time varying beam distributions

« Complex collective effects: EuXFEL: uBunch Instabilities
* Wakefields -
* Space charge i
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Facility for Rare Isotope Production (FRIB) at MSU

* Acceleration of 2 beam species
simultaneously

ECR lon Sources
Room Temperature RFQ Accelerator

B=0.041 Quarter Wave Resonators

=0.085 Quarter Wave Resonators

* Low energy beam transport:
e 35keV, 12 keV/u

Target Beam Delivery System

“Superconducting Bend

* Strong collective effects (space charge
forces)

B=0.53 Half Wave Resonators

B=0.29 Half Wave Resonators

Cryogenic Distribution Line

Charge Stripper
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M. Leitner, et al. “The FRIB Project at MSU.” in Proceedings of SRF2013,
Paris, France MOIOAO1 8
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FRIB CSS @ 75% neutralization

x — y space y—y'phase space

0.0[m] * * em™ = 0.76 [makmrad] e
0.306[m] 1.161[m] 1.656[m] 2.549[m] e e 09
f.x g 10 5 10 ’
2 =]
- g 0 = 0 0.8
VENUSike i =0 £
ECR source ~20 ~20 7
~303—20-10 0 10 20 30  °230-20-10 0 10 20 30 06
25 = [mm] y [mm] o
2.0 30 z — ' phase space 30 z'— y' phase space o4
= 15 F 1 ) — 2 en's =0.76 [mm-mrad] 2 i
10} 10. —= = 10 =z 10 03
o8 g B
05 g 0 g o 0.2
0.0 S5 -10 = -10
-05 —20 —20 01
z ~3035=20-10 0 10 20 30 230-30-10 0 10 20 30
. . . z [mm] z'[mrad]
Perfect Dipole Fringe Fields 0% neutralization = Full space charge
(b) 30 z —y space 30 y—y'phase space 10
N U33+ N U25~32+ J— 01~4Jr — U3t — U232t — Q4 2 2 e’y = 0.78 [mmpamrad]
U . 3s40+ Ut . 3sa0E - 10 5 10 o
" E 0 g 0 0.8
20r 20t =10 < -10
20 -20 o7
10¢ 10} ~3035=20-10 0 10 20 30 230-20-10 0 10 20 30 0.6
E — z [mm] y [mm] 05
0 .
-% g 30 I,,; 2’ phase space 30 z'—y' phase space 04
—10F 20| Enr = 0.78 [mm-mrad] 2
—10¢t 03
= 10 5 10
E 0 g 0 0.2
—20¢ -20¢+ L: -10 < -10
. . . Y 0.1
2.0 25 3.0 35 4.0 2.0 2.5 3.0 3.5 4.0 0 0
~303=20-10 0 10 20 30  °230-20-10 0 10 20 30
z [m] z [m] 1 z [mm] 2’ [mrad] []
K. Fukushima, S. M. Lund and C. Y. Wong “Multispecies simulation of the FRIB frontend near the ', )
Unknown & time-varying 10

ECR sources with the WARP code.” in Proceedings of LINAC2016, East Lansing, MI, USA 2016



Perspective image: D0739
(right hand coordinate)

FRIB beams

measurements

Perspective image: D0812

Perspective image: D096
(right hand coordinate)

(right-hand coordinate)

- Mmeasurements

- simulations

T T T PM_D0856 PM_D0885 PM_D0912
£ E
= = £ g0 = — s 20 =
> > > 2 — ogewen | G = 2 — expenment
- g . g o8 go8 gos
£ £ £
E o6 E o6 E 06
] g ]
o 04 o 04 T 04
e z 3 i
g 02 Zo2 go2
30 0.010 2 00 A | 2ol S 2 00— S
=40 -30 -20 -10 0 10 20 30 40 -40 -30 -20 -10 0 10 20 30 40 -40 -30 -20 -10 0 10 20 30 40
201 X position [mm] X position [mm] X position [mm]
0.008 (X_rms, X_rms) (X_rms, X_rms) (X_rms, X_rms)
10! =(6.8 mm, 4.5 mm) =(7.1 mm, 6.8 mm) = (6.0 mm, 5.9 mm)
T = = > z0 ] 210 ey P — sawion
E o : 3 0.006 2 3 — e B — eoeimen 3 e et
E £ = I3 G o0s g 08 08
> > > o £ £ £
10! £ £ £
0.003 E o6 E 06 Eos
G i ] ] o
-20 Uil 20 8 a 8
D739 D812 D976 ooz 3 3 [
30 210 —20 — T -30 0 0 -10 -20 — T 02 To2 To2
30 0 -10 -20 -30 10 0 —10 —20 —30 30 20 10 0 -10 -20 -30| 2 2 g
x [mm] X [mm] X [mm] g ‘g EZS
%940 30 20 -10 0 10 20 30 40 %%0 30 20 -10 0 10 20 30 40 %90 30 0 -10 0 10 20 30 40

simulations

Y position [mm]
(Y_rms, Y_rms)

= (7.4 mm, 7.3 mm)

Y position [mm]
(Y_rms, Y_rms)
=(3.9 mm, 4.0 mm)

P. N. Ostroumoy, et al. “Heavy ion beam acceleration in the first three
cryomodules at the Facility for Rare Isotope Beams at Michigan State
University.” Physical Review Accelerators and Beams, 22, 040101, 2019

Y position [mm]
(Y_rms, Y_rms)
= (6.3 mm, 7.1 mm)

11



owwwa  Neural Networks ...
@ vicdencet
@ Probobistic Hidden et

y——

@ oupceu
@ stch inpur Outpur ett-
sy
oA
P — ‘e
@ henonca AmEUO  owEON) OegOAD SosenoAD

Yy —"

207 107 1o/
0O Oy
\Wa\V/

X > oS 5500505
o el X >o:o;g030i
0 el X0 0
T e I aS
WAV . =

Surrogate models
Big data

Global tuning
Anomaly detection

Machine Learning and Adaptive Feedback
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Model Independent Adaptive Feedback
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Bounded Extremum Seeking: Model-Independent Tuning and Optimization

fl(xla“ s LnyP1y - - '7p7’l’L7t)
=x=f(x,p,t) = :

fn(xlv ey Iy, P1y .- 7pm7t)



Bounded Extremum Seeking: Model-Independent Tuning and Optimization

X1 fl(xlaﬂ'7wn7p17'°'7pm7t)
=x=f(x,p,t) = :
In fn(xlvﬂ'7:Enap17'°'7pm7t)
Injector
81 B Q-Quadrupole Magnet
2
Q, Bl Bend Magnet
- Q, [ 1 Buncher
o Q [ ] Other Components (diagnostics/scrapers/jaws...)
1 Q - Beam
-~ Q7
.~
% Pre Buncher Drift Tube Linac

Main Buncher D —




Bounded Extremum Seeking: Model-Independent Tuning and Optimization

:tl fl(xlaﬂ'7wn7p17'°'7p7n7t)
=x=f(x,p,t) =
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p1(t) = Q1 current
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Bounded Extremum Seeking: Model-Independent Tuning and Optimization

ii?l fl(iUl,...,xn,pl,...,pm,t)
=x=f(x,p,t) = :
5.Cn fn(xlvﬂ'7:Enap17'°'7pm7t)

p1(t) = Q1 current x1(t) = Xyms(position 1)
x2(t) = Yims(position 1)

Injector Pm(t) = Qm current

Q
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Bounded Extremum Seeking: Model-Independent Tuning and Optimization

A. Scheinker and D. Scheinker, “Extremum Seeking with Discontinuous Dithers,” Automatica, vol. 69, pp. 250-257, 2016.
A. Scheinker and D. Scheinker, “Extremum Seeking for Stabilization of Systems not Affine in Control,” 2017.
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'Ci?l fl(xla"'7xn7p17"'7pm7t) y:V(X?t)+n(t)
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Dithering with different frequencies makes the parameters “perpendicular” in Hilbert space.
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T
=f(x,p,t) = :
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unknown, time-varying
Allows simultaneous tuning of ALL parameters in parallel. function V(x,t)
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Accelerator Tuning and Control



A. Scheinker et al, 2013.
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Cost is noisy measurement of the difference between initial

) current into the machine and surviving current at the end of
Injector B Q-Quadrupole Magnet the transport region.

B Bend Magnet Yy = (I(t) — IO)2 + n(t)
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After the magnetic lattice was matched to transport the beam, beam phase space was
continuously varied, and arbitrary phase drifts were introduced into the RF buncher cavities.

X, X_Phase Space, Original-Red, New-Blue
10—2 - Without adaptive feedback all beam is quickly lost (red line in figure below).

e

With adaptive tuning the 22 quad magnetic lattice and 2 RF buncher cavities are continuously re-
tuned to maintain maximal beam transmission and acceleration.
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A. Scheinker, X. Pang, and L. Rybarcyk. "Model-independent particle accelerator
tuning." Physical Review Special Topics-Accelerators and Beams 16.10 (2013): 102803.
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A. Scheinker et al., “Minimization of Betatron oscillations of electron beam injected into a time-
varying lattice via extremum seeking,” IEEE Transactions on Control Systems Technology, 2016.
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Model-independent Adaptive Feedback for pulse energy maximization at LCLS & EuXFEL
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LANSCE tuning, first results
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GUI running in the control room as a tuning tool

Quad ramp tuning
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Multi-objective Optimization at AWAKE
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A. Scheinker, et al. “Online Mulit-Objective Particle Accelerator Optimization of the AWAKE Electron Beam Line for
Simultaneous Emittance and Orbit Control.” AIP Advances 10.5 (2020): 055320 https://doi.org/10.1063/5.0003423
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Multi-objective Optimization at AWAKE
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Non-Invasive Adaptive Diagnostics



A. Scheinker and S. Gessner, PRAB, 2015.
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Adaptively tuned models for XTCAV longitudinal phase space predictions at FACET
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Adaptively tuned models for XTCAV longitudinal phase space control & predictions at FACET-II
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Non-invasive phase space diagnostics-based adaptive tuning of the longitudinal
phase space distribution of the FACET-Il beam. Automatic current profile tuning.

A. Scheinker, et al. “Adaptive model tuning studies for non-invasive diagnostics and feedback control of plasma wakefield acceleration at FACET-II.”
NIMA, 163902, 2020. https://doi.org/10.1016/j.nima.2020.163902
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Reinforcement Learning / Optimal Adaptive Control
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Bellman, Dynamic Programming
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Markov Chain Decision Processes, Agents, Policies, etc .. = Optimal Adaptive Control with Uncertainties

R. Bellman, "Dynamic programming and Lagrange multipliers." Proceedings of the National Academy of Sciences of the United
States of America 42.10 (1956): 767.

D. E. Kirk, Optimal Control Theory, An Introduction, Dover Publications, 1970

F. L. Lewis, D. L. Vrabie, and V. L. Syrmos, Optimal Control, Wiley, 2012

R. S. Sutton, and A. G. Barto. Reinforcement learning: An introduction. MIT press, 2018.



Optimal Control of Unknown Time-Varying Systems
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Vector Valued Quadratic Tracker
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Vector Valued Quadratic Tracker
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Vector Valued Quadratic Tracker
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Vector Valued Quadratic Tracker
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* Linear * Known trajectory e Exact global

* Known dynamics ¢ Analytically known cost optimal solution
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A. Scheinker and D. Scheinker. "Extremum seeking for optimal control problems with
unknown time-varying systems and unknown objective functions." International
s Journal of Adaptive Control and Signal Processing (2020).
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Adaptive Machine Learning for Time Varying Systems

o
(<]

Trained neural network

Amostly complete chart of

orks ..o
.

© sackted nput ell.

s Network (RGF)

676 45
REFIA ATTATAN

Sparse AE (SAE)

it

oYe/a /e
P, N0y @00y 0
NN N

T S 5P g 5
K <o>od S AT
iz o0 v
£8C o e s

@,ﬂwawn»'a\
‘\»‘m.«v,‘m.«";

B
s 45 - g

Initial machine
paramter settings

NN input

'\Q Particle Accelerator

Diagnostics

Hidden layers

SISO

‘itioﬂ

Desired pRase space

ES algorithm

Continuously
Cost based on updated
compared distributions parameter

settings

Detected phase space

Adapative Feedback Control
&= f(z,a(x,0))

S+ wp

s S+ wp
asin( wt)J

——{ i = @0+ gt |
!

wt

A. Scheinker, et al. “Demonstration of model-independent control of the longitudinal phase space of electron beams in
the Linac-coherent light source with Femtosecond resolution.” Physical Review Letters, 121.4, 044801, 2018.

https://doi.org/10.1103/PhysRevLett.121.044801



https://doi.org/10.1103/PhysRevLett.121.044801

Adaptive ML for automatic longitudinal phase space control at the LCLS
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Adaptive Machine Learning for Predicting Beam
Distributions



A. Scheinker, F. Cropp, S. Paiagua, D. Filippetto, “Demonstration of adaptive machine
learning-based distribution tracking on a compact accelerator: Towards enabling
model-based 6D non-invasive beam diagnostics”, 2021, under review.
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Adjusting Neural Networks for Time-Varying Systems



Re-Training and Domain Transfer for Convolutional Neural Networks
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