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AMO CXI MEC

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 diffrac@ve 
imaging (CDI). Ultra short pulses for “Diffrac@on-
Before-Destruc@on” experiments.

Photon energy: 5 – 12 keV
Pulse duraRon: 40 – 300 fs
Low charge mode pulse duraRon: <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 @ghter compression without destroying the electron beam’s phase space. Originally studying for 
accelera@ng 0.02 nC bunches instead of 1 nC.



LANSCE
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~5-6 weeks of tune up time



LANSCE Codes do not yet match the accelerator
Closely enough to serve as diagnostics
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Q1A
Q2A
Q3A
Q4A
Q5A
Q6A

Q7A
Q8A

Q9AQ10A Q11AQ12AQ13AQ14A Q15AQ16AQ17AQ18A

Qi-Quadrupole Magnet

H+ Injector

Drift Tube Linac

Bend Magnet
Other Components (diagnostics/scrapers/jaws...)

Beam

Q19Q20 Q21Q22

Buncher

Pre Buncher
B1A = TADB01

Drift Tube Linac

Current Monitor
03CM01

Current Monitor
TACM01 = I1A

Current Monitor
TACM02 = I2A

Current Monitor
TACM03 = I3A

Current Monitor
TACM04 = I4A

Current Monitor
TACM05 = I5A

Current Monitor
TDCM01 = IAB

Current Monitor

H- Injector

Current Monitor
TBCM01 = I1B

Current Monitor
TBCM02 = I2B

Current Monitor
TBCM03 = I3B

Current Monitor
TBCM04 = I4B

Current Monitor
TBCM05 = I5B

Q1B

Q2B

Q3B

Q4B

Q5B

Q6B

Q7B

Q8B

Q10BQ9B

Q12BQ11B
Q14BQ13B

Q16BQ15B
Q18BQ17B

Current Monitor
02CM01

Main Buncher
B1AB = TDDB01

Harp/Emittance

Bunchers
B1B = TBDB01
B2B = TBDB02

Harp/Emittance
H/E1A = TABB01

Harp/Emittance
H/E1AB = TDBB02

Harp/Emittance
H/E2A = TABB04

Harp/Emittance
H/E2AB = 03HP01

Harp/Emittance
H/E3AB = 04HP01

Harp/Emittance
H/E2B = TBBB03

Harp/Emittance
H/E1B = TBBB01

Harp/Emittance
H/E3B = TBBB06
H/E4B = TBBB07
H/E5B = TBBB10

Alexander Scheinker
Automated LANSCE tuning

X. Pang, HPSim
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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:
• Wakefields
• Space charge
• Coherent synchrotron radiation

• Limited non-invasive diagnostics

Example images of laser spot
(10 Aug. 2016, 11 Nov. 2017)

@ FAST

Typical 2D (x,y) beam profile, not a simple Gaussian.

EuXFEL: μBunch Instabilities
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Facility for Rare Isotope Production (FRIB) at MSU

M. Leitner, et al. “The FRIB Project at MSU.” in Proceedings of SRF2013, 
Paris, France MOIOA01

FRIB injector

• Acceleration of 2 beam species 
simultaneously

• Low energy beam transport:
• 35 keV, 12 keV/u

• Strong collective effects (space charge 
forces)
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FRIB injector

P. N. Ostroumov, 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

SM Lund and C. Y. Wong “09. Momentum 
Spread Effects in Bending and Focusing.” US 
Particle Accelerator School, 2018 

Charge Separation System (CSS)
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FRIB CSS
2.549[m]1.656[m]0.306[m] 1.161[m]

0.0[m]

VENUS-like 
ECR source
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e rms
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K. Fukushima, S. M. Lund and C. Y. Wong “Multispecies simulation of the FRIB frontend near the 
ECR sources with the WARP code.” in Proceedings of LINAC2016, East Lansing, MI, USA 2016

Perfect Dipole Fringe Fields

75% neutralization

0% neutralization = Full space charge

Unknown & time-varying
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FRIB beams

P. N. Ostroumov, 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

measurementsmeasurements

simulations

simulations
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Adapative Feedback

Surrogate models
Big data
Global tuning
Anomaly detection

Virtual diagnosBcs
Real Bme feedback
OpBmizaBon
Phase space tuning

Machine Learning and Adaptive Feedback



Model Independent AdapDve Feedback
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75

Bounded Extremum Seeking: Model-Independent Tuning and OpCmizaCon
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Bounded Extremum Seeking: Model-Independent Tuning and Optimization



p1(t) = Q1 current

...

pm(t) = Qm current
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ẋn

3
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Bounded Extremum Seeking: Model-Independent Tuning and Optimization

y = V (x, t) + n(t)
noise

y = (I(t)� I0)
2 + n(t)

Surviving beam 
current at end.

Q1
Q2
Q3
Q4
Q5
Q6

Q7
Q8

Q9 Q10 Q11Q12 Q13Q14 Q15Q16 Q17Q18

Qi-Quadrupole Magnet

Injector

Drift Tube Linac

Bend Magnet

Other Components (diagnostics/scrapers/jaws...)
Beam

Q19Q20 Q21Q22

Buncher

Pre Buncher
Main Buncher

x1(t) = Xrms(position 1)

x2(t) = Yrms(position 1)

...

xn(t) = Xrms(position n)

p1(t) = Q1 current

...

pm(t) = Qm current

A. Scheinker and D. Scheinker, “Extremum Seeking with Discon@nuous Dithers,” Automa'ca, vol. 69, pp. 250-257, 2016. 
A. Scheinker and D. Scheinker, “Extremum Seeking for Stabiliza@on of Systems not Affine in Control,” 2017.
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On average, the system 
performs minimizes the 
unknown, time-varying 
function V(x,t)Allows simultaneous tuning of ALL parameters in parallel.
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Accelerator Tuning and Control
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Magnet Current Settings
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A. Scheinker et al, 2013. 
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Qi-Quadrupole MagnetInjector
Bend Magnet

Other Components (diagnostics/scrapers/jaws...)
Beam

Buncher

Pre Buncher
TADB01 Main Buncher

TDDB01

Drift Tube Linac

4 knaT3 knaT2 knaT1 knaT

Current Monitor
02CM01

70MeV ABS/COLL

Drift Tube Linac

y = (I(t)� I0)
2 + n(t)

Cost is noisy measurement of the difference between ini@al 
current into the machine and surviving current at the end of 
the transport region.

Minimiza@on of y equivalent 
to properly tuning magnets 
for all beam to be 
transported.



24

Beam and Phase Delay Varying During This Time Interval

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.

Without adaptive feedback all beam is quickly lost (red line in figure below).

With adaptive tuning the 22 quad magnetic lattice and 2 RF buncher cavities are continuously re-
tuned to maintain maximal beam transmission and acceleration.

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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LANSCE tuning, first results
Alexander Scheinker, Peter Naffziger, Antonio Garcia, Matt Hardy
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Minimizing LINAC losses by tuning RF 
caviaes

Minimizing PSR losses by tuning 
steering magnets

Minimizing WNR losses by tuning 
steering magnets and quads

A. Scheinker, P. Naffziger, and A. Garcia. "Extremum Seeking for Minimization of Beam Loss in the LANSCE Linear Accelerator by 
Tuning RF Cavities." 2020 American Control Conference (ACC). IEEE, 2020.
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GUI running in the control room as a tuning tool

p1 = 05QD002P01
p2 = 05QD003P01
p3 = 06QD001P01
p4 = 06QD003P01
p5 = 07QD001P01
p6 = 07QD003P01
p7 = 08QD001P01
p8 = 08QD003P01
p9 = 09QD001P01
p10 = 09QD003P01

p = (p1,p2,…,p10)

C(p,t) = w1C1(p,t)+w2C2(p,t)

C1(p,t) = LNAP3R2

C2(p,t) = 15AP002R02

Quad ramp tuning



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

https://doi.org/10.1063/5.0003423


Multi-objective Optimization at AWAKE
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Tuning 15 components simultaneously: 2 solenoids, 3 quads, 10 steering magnets to 
simultaneously maintain the desired orbit and minimize emiSance growth.
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Adaptively tuned models for XTCAV longitudinal phase space control & predictions at FACET-II
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1. P1: L1 phase [deg]
2. P2: L1 voltage offset [dV/V]
3. P3: L2 phase [deg]
4. P4: L2 voltage offset [dV/V]
5. P5: x-offset
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Markov Chain Decision Processes, Agents, Policies, etc ..  = Optimal Adaptive Control with Uncertainties
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�Ṡ = ATS + SA� SBR�1BTS + CTQC, S(T ) = CTPC (5)

�v̇ = (A�BK(⌧))T v + CTQr(⌧), v(T ) = CTPr(T ). (6)

• Linear
• Known dynamics

• Known trajectory
• Analytically known cost 

function

• Exact global 
optimal solution



x(0 ,τ)

u(0 ,τ)

x(1,τ)

u(1 ,τ)

x(s ,τ)

u(s ,τ)

x(0,0) = x0 x(1,0) = x0 x(s,0) = x0

t0 < t < t0 tT+ 1 < t < t1+T

. . .

ts < t < ts+T t
0 < τ 0T <  < τ 0T <  < τ < T

J(0 )
J(1 )

J(s )

dx(t, ⌧)

d⌧
= f(x(t, ⌧),u(t, ⌧), t), x(t, 0) = x0 2 Rnx ,u 2 Rnu , ⌧ 2 [0, T ], ui(·, ⌧) 2 L2[0, T ]

ui(t, ⌧) =
mX

j=1

aij(t)�j(⌧) =

m/2X

j=1

aij(t) cos

✓
2⇡jt

T

◆
+

mX

j=m/2+1

aij(t) sin

✓
2⇡jt

T

◆

daij(t)

dt
=

p
↵!ij cos (!ijt+ kJ(a, t)) , a =

2

64
a11(t) . . . a1m(t)

...
. . .

...
anu1(t) . . . anum(t)

3

75

J(a, t) = F (x(t, T )) +

Z T

0
G(x(t,u, ⌧),u(a, ⌧))d⌧

dāij
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⌘

dāij
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ẋ

=


1.0 0.25
0.3 0.7

�

| {z }
A


x1

x2

�

| {z }
x

+


1.0 0.1
0.2 0.5

�

| {z }
B


ux1

ux2

�

| {z }
ux


ẏ1
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ẏ1
ẏ2
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ż2

�

| {z }
ż
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@ŷi
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Adaptive ML for automatic longitudinal phase space control at the LCLS
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Adaptive ML for automatic longitudinal phase space control at the LCLS
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Femtosecond resoluBon.” Physical Review LeSers, 121.4, 044801, 2018. hSps://doi.org/10.1103/PhysRevLeS.121.044801

C =

Z �L

��L

Z �E

��E
|⇢̂(z, E)� ⇢(z, E)| dEdz

time (fs)
-400 0 400

cu
rr

en
t (

kA
)

0

0.5

1

1.5

2

time (fs)
-400 0 400

∆
E 

(G
eV

)

-0.04

-0.02

0

0.02

0.04

count × 104
0 5 10

∆
E 

(G
eV

)

-0.04

-0.02

0

0.02

0.04

time (fs)
-400 0 400

∆
E 

(G
eV

)

-0.04

-0.02

0

0.02

0.04

time (fs)
-400 0 400

cu
rr

en
t (

kA
)

0

0.5

1

1.5

2

time (fs)
-400 0 400

∆
E 

(G
eV

)

-0.04

-0.02

0

0.02

0.04

count × 104
0 5 10

∆
E 

(G
eV

)

-0.04

-0.02

0

0.02

0.04

time (fs)
-400 0 400

∆
E 

(G
eV

)

-0.04

-0.02

0

0.02

0.04

time (fs)
-400 0 400

cu
rr

en
t (

kA
)

0

0.5

1

1.5

2

time (fs)
-400 0 400

∆
E 

(G
eV

)

-0.04

-0.02

0

0.02

0.04

count × 104
0 5 10

∆
E 

(G
eV

)

-0.04

-0.02

0

0.02

0.04

time (fs)
-400 0 400

∆
E 

(G
eV

)

-0.04

-0.02

0

0.02

0.04
Setup
Target Target

Setup

ESNN

Target
Setup

Target
Setup

Target
Setup

Target
Setup

XTCAV

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


AdapDve Machine Learning for PredicDng Beam 
DistribuDons



electron gun

VS2

VS - view screen
S - solenoid
D - dipole

view screen/collimation
sample holder

RF buncher

quadrupole triplet

sample chamber UED detector

Faraday cup
collimation

S1 S2 D1

D2

0.05

0.0

-0.05
0.01

0.0

-0.01 0.909

0.911
0.912

0.91 Єz

Єy

Єx

4

2

0

-2

-4

0

2

-2
0

-5

5

z [mm]
y [mm]

x 
[m

m
]

target
no ES
ES

BA

input beam

ES no ES

ES error no ES error

output beam

ES no ES

ES error no ES error

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.



Adjusting Neural Networks for Time-Varying Systems



Re-Training and Domain Transfer for Convolutional Neural Networks

Y. F. Shen, et al. "Convolutional neural network-based method for real-time orientation indexing 
of measured electron backscatter diffraction patterns." Acta Materialia 170 (2019): 118-131. 
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