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Many tuning problems at LCLS/LCLS-Il and FACET-II at
SLAC require detailed phase space customization for
different experiments

Cathode and RF gun
RF accelerating cavities
Focusing magnets

m E Linearizing cavity Chicane (beam compression) Undulator (e- beam to photons)
laser y
profile 4 ¥y 4 . =

|} K i TNl d 1=
250 MeV

photon beam to 7
experiment

4.3 GeV 14 GeV
stations

S ;

Injector Main Accelerator Sections

Beam exists in 6-D position-momentum phase space

Have incomplete information: measure 2-D projections or reconstruct
based on perturbations of upstream controls (e.g. tomography, quad scans)

Have dozens-to-hundreds of controllable variables and hundreds-of-
thousands (up to millions for LCLS-1l) to monitor

Nonlinear, high-dimensional optimization problem

\

1(A)

50 100 150 200 250

t(fs)
A. Marinelli, et al., Nat. Commun. 6, 6369 (2015)

Time (fs)

A. Marinelli, IPAC’18



wide spectrum of tuning needs

E gun L1X
laser
rofile L1Sl L2-linac L3-linac
prof v ! ‘Eé"&"’zﬁ_‘_‘ L1 Hyy H.,——> Pphoton beam to
250 MeV 43GeV  14GeV undulator 7 experiment
stations
A. Marinelli, et al., Nat. Commun. 6, 6369 (2015) ,
A. Marinelli, IPAC’1 8
J. Qiang et al, PRAB (2017) E-Profile (arb.)
20 100 | y
% 10 ~ 50 |
= 2 o
& ! < ) B
qC) 10 -100 ¢ qc) f
[TT] 5.000 w < \
Time (fs) 50 100 150 200 250 Time (fs)
t(fs)
Achieve new Fine control to
Rapid .bea.m configurations + maintain
mization ol sl
customizatio unprecedented beam stability within

parameters tolerances




Tuning approaches leverage different amounts of data / previous knowledge
- suitable under different circumstances

less — assumed knowledge of machine —— > more
4 N\ N\ N
Model-Free Model-guided Global Modeling +
Optimization Optimization Feed-forward Corrections

" / ||l AN

J. Kirschner

Observe performance change after a
setting adjustment Update a model at each step Make fast system model

= provide initial guess (i.e. warm
start) for settings or fast compensation

- estimate direction or apply

o . - use model to help select the next
heuristics toward improvement

point
\ J \. J \ J
gradient descent Bayesian optimization ML system models +
simplex reinforcement learning inverse models

ES

Tuning research at SLAC is aimed at combining the strengths of different approaches.

General strategy for our research: start with sample-efficient methods that do well on new systems, then build up to more
data-intensive and heavily model-informed approaches.




Fast-Executing, Accurate System Models

Accelerator simulations that include nonlinear and
collective effects are powerful tools, but they can
be computationally expensive

ML models are able to provide fast approximations to simulations
(“surrogate models”)

Neural Network

Simulation Measurement gun LIX ;

_ L3-linac

L2-linac

BC1 , BC2

250MeV “-“43GeV  14GeV

undulator

MeV (relative)
MeV (relative)

Linac sim in Bmad with collective beam effects ~

29 58 87 116
fs (relative)

Relative energy (MeV)
Relative energy (MeV)

0
Scan of 6 settings in simulation fs {relative)

Simulation
N N o
-20

L1 Phase -40 -25.1 deg

24 4 4 9

B & L2Phase  -50 0 -41.4 deg B 3
2 g s g
o 2 L3Phase  -10 10 0 deg ] 3
2. » L1 Voltage 50 110 100 percent
29 58 87 116
60 40 20 0 20 4 % -50 0 50 L2 Voltage 50 110 100 percent g @ fs (‘:::Ia(i:; bid fs (relative)
Longitudinal position (um) Longitudinal position(zm)
L3 Voltage 50 110 100 percent
J. Qiang, et al, PRSTAB30, < ms execution speed
054402, 2017
10 hours on : .
thousands of 107 times speedup
cores at NERSC! Edelen et al, NeurlPS 2019

ML modeling enables accurate predictions of system responses with unprecedented speeds, opening up new avenues for high-fidelity

online prediction, tracking of machine behavior, and model-based control



https://ml4physicalsciences.github.io/2019/files/NeurIPS_ML4PS_2019_90.pdf

Fast-Executing, Accurate System Models

ML models are able to provide fast approximations to simulations
(“surrogate models”)

Bringing simulation
tools from HPC gun LIX .
systems to
online/local
compute

Neural Network

L2-linac

_ L3-linac

BC2

IZSO MeV 43 GeV 14 GeV undulator

MeV (relative)
MeV (relative)

Linac sim in Bmad with collective beam effects ~

29 58 87 116
fs (relative)

0 24 4 74 99

Scan of 6 settings in simulation fs {relative)

Simulation
N N o
-20

L1 Phase -40 -25.1 deg - 2

L2 Phase -50 0 -41.4 deg é é

L3 Phase -10 10 0 deg g E

L1 Voltage 50 110 100 percent

. L2Voltage 50 110 100 percent T T ? et
Control prototyplng L3 Voltage 50 110 100 percent
Experiment planning < ms execution speed
Online prediction 10 times speedup

Model-based control

Edelen et al., NeurlPS 2019

ML modeling enables accurate predictions of system responses with unprecedented speeds, opening up new avenues for high-fidelity

online prediction, tracking of machine behavior, and model-based control



https://ml4physicalsciences.github.io/2019/files/NeurIPS_ML4PS_2019_90.pdf

Target
ML S ted
Warm starts for uggeste
.. . \ Inverse initial
optimization Model settings

LIS phase

) BC2 peak current
A. Scheinker, A. Edelen,

—_— e

etal, PRL 2018 gun L1X

L1Sl L2-linac

BCly50 Mev BC

) XTCAV
L3-linac \

243GeV  14GeV

()

Local
optimizer

N Fully Connected
Hidden Layers

undulator

Cavity phase Norm. Emittances
) Solenoid field Beam Kinetic Energy
Scalar inputs
Bunch Charge Vean k. .2 Scalar outputs
VCC Size # Partidles P
Mean X', Y', Z'
Beam Sizes
\\\\ |
=

Convolution Layers

Deconvolution Layers

Include high-dimensional input information = better output predictions

Smooth interpolation

Example o, surface from 2D scan, LCLS-II Injector

—— Neural Network ~ —— ASTRA
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Solenoid 1 (T)
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o
N

0.00 T T , {
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Solenoid 2 (T)

Edelen et al., NeurlPS 2019
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MLST, 2021 ©
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—o— GA with Neural Network
—e— GA with Physics Simulation
x  Best Known Pareto Front

Physics Sim:
~95k core hrs, 131k sims
2246 cores, 36 hours

Neural Network:

~2 mins on a laptop e/tq.aflid;;:ZB
(500 sims for training) 2'020

0.35 0.40 0.45 0.50 0.55 0.60 0.65
AE (MeV)

Surrogate-boosted design optimization


https://journals.aps.org/prl/abstract/10.1103/PhysRevLett.121.044801
https://journals.aps.org/prl/abstract/10.1103/PhysRevLett.121.044801
https://journals.aps.org/prab/abstract/10.1103/PhysRevAccelBeams.23.044601
https://journals.aps.org/prab/abstract/10.1103/PhysRevAccelBeams.23.044601
https://iopscience.iop.org/article/10.1088/2632-2153/ac27ff/pdf
https://ml4physicalsciences.github.io/2019/files/NeurIPS_ML4PS_2019_90.pdf

RF Gun
Solenoid

In Regular Use: Injector Surrogate Model at LCLS

ML models trained on detailed physics simulations (IMPACT-T)
Inputs sampled widely across valid ranges of settings
- specifically leave out ranges of variables to test generalization

Used to develop/prototype new algorithms before testing online at
FACET-Il and LCLS e.g. new optimization methods such as BAX (see S.

Miskovich talk), adaptive emittance measurement

Getting set up to provide initial twiss parameters for downstream online
model continuously (use regularly in optics matching)

NN Surogate
GP mesn

Laser-Heater

Emittance
o Screens/Wires
- OTR2

Deflector

Simulation and ML model trained

1| o ke prototyping 7 ML model provides accurate replication of simulation on it are qualitatively similar to
£ ') . V. . .
£ 1] / measurements under interpolation
EI optlmlzatlon Simulation Neural Network o y Profile € S. eme tS. qe te PO tio
: algorithms ~ / 01 01 s (setting combinations reasonable
¥ . 02 02 _o% distance from training set)
{10 . 03 03 £ o2
L - Eoa E 04 :2 020 1o
£ os) oS “os ™ o0s 3o
1 / G kS . “
p 005 ol Network \
— 07 07 e ety (10 _ 08
Tom 0de ola 0% 052 0% ) 06 04 02 06 04 02 01 02 03 04 06 07 2
SOLNIN, BDES (KG*'m: fen) v (m) y (m) E 07 +
E £
s : 06
3 000 . . . 05 4 un
. interactive model widget ' Tea—
) and visualization tools LS S

nnnnnnnnnn

4613 4614 4615 4616
X (m) x z(m)

044 045 046 047 048 049 05

SOLN:IN20:121:BDES (kG*m)

ML models trained on simulations have enabled fast prototyping of new optimization algorithms

- has greatly reduced algorithm development time




Finding Sources of Error Between Simulations and Measurement

Many non-idealities not included in physics simulations:

=
>

static error sources (e.g. magnetic field nonlinearities, physical offsets) ] —— OxNN
e 0, IMPACT-T

=
N]
s

time-varying changes (e.g. temperature-induced phase calibrations)

=
1<}
|

o
©

Want to identify these to get better understanding of machine > fast-executing ML model

allows fast | automatic exploration of possible error sources simultaneously

RMS Beam Size (mm)
o <)
ES o

02 4+ F
calibration transforms . . .
(single node per input) frozen neural network 0.0 WlthO({t cahbrat:qn ' '
. 0.45 0.46 0.47 0.48 0.49 0.50
v=flwx+ ) Iayetjs tt*lalr)ed on Inputs Integrated Solenoid Field (kG-m)
= s simulation :
’ Laser radius
= 4 1.4
A » Laser spot sizes —— OxNN {
injector output beam Pulse length (B):;Pnu:; o) : 12 : &, IMPACT-T y
ttings scalars Charge 1ze X,y E10- 0, meas.
Sering Solenoid Emittance (x,y) 8 os 4
So
LOA phase Bunch length £ o °
LOB phase o t
SQ quad g
CQ quad & 0.2 . . .
6 matching quads 0.0 W"th qu'bm't’on | | | |
laser image Iongitudinal/ 044 045 046 047 048 049 050

Integrated Solenoid Field (kG-m)
transverse phase space

Calibration offset in solenoid strength found automatically with neural network model (trained in simulation, then calibrated to machine)
Example above is simulation-to-machine, but can adapt model over time as well

First studies look promising > current work focuses on examining robustness and extending to larger subsystems



Uncertainty Quantification / Robust Modeling

Major area of AlI/ML research: statistical distribution shift between

training set new conditions
training and test data degrades prediction

8 8

c c

Distribution shift is extremely common in accelerators, due to both 8 8

. . . . O (O]

deliberate changes in beam configuration and uncontrolled or hidden

variables model input model input

Example: beam size prediction and uncertainty estimates under drift from a neural network
Uncertainty estimate from neural network ensemble does not cover prediction error, but does give a qualitative metric for uncertainty

175 Measured

Predicted (Ensemble Mean)
150

E WWMMWWM WA,

50 unseen reglon

20000 40000 60000 80000 100000
Sample Number (increasing time)

Reliable uncertainty estimates and uncertainty calibration methods are key for putting online models to use operationally




Y} scatea

Uncertainty Quantification / Robust Modeling

Essential for decision making under uncertainty (e.g. safe opt., intelligent sampling, virtual diagnostics)

Pulse Energy (m))
N w »

[=]

BNN Predictions
ASTRA Simulation

0.5

White area
00 —values
left out of

training
-05

-10

0 20‘00 4000 60‘00 80‘00 10000 12600 14600 16000
Index

Scalar parameters for the
LCLS-Il injector
(Bayesian neural network)

A. Mishra et. al., PRAB, 2021
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O. Convery, et al,, PRAB, 202

Current approaches

. Ensembles

*  Gaussian Processes
e Bayesian NNs

. Quantile Regression

X . *xiL Gupta  Neural network with quantile
97.5% Quantile [ regression predicting FEL pulse

2.5% Quantile
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online

Example:Warm Starts from Online Models E. Cropp et al, in preparation

" .

g = 2 : 55§

2 ._ | = : — _I_II_DI_I_ EES Can work even under distribution shift

\ = 7
."l Y — Eon 0.125 Train
i drifting inputs quads for flat - os I C Test(andtest) | F o100 B Jest (3hd test)
\o— beam transform T ., ; ‘ s ,
\ > ansto) ~.._new quad settings il E ooms ’
4 Gun RF read backs . 0.10 H distribution <
; . . 2 0.050
. (phase and amplitude) N // shift g gl
B N P 0.05 i © 0.025 i
QE.) Virtual Cathode Image Beam Statistics on Screen: | “‘. ajeto / 0.000 .
] Statistics (spot size, intensity) Oy ~i front 0.00 y ; - . 50 55 60 65
a Oy N 1Iljaser S otz(lf ( ixelsg)d 3“ Sun Velisge: (W)
S Other Magnet Settings Gy, ~q K_._ pesos 30
£ (solenoid, steering) ixel intensit; \ .
B Y \

L / X,y centroids \
Flat Beam Quads (3) @ / NN start point intialisolut
74
- 7 Iinitial solution
== Multi-Objective Genetic Algorithm from neural

network model
* Round-to-flat beam transforms are challenging to optimize
= 2019 study explored ability of a learned model to help

fine-tuning

* Trained neural network model to predict fits to beam
image, based on archived data

hand tune

* Tested online multi-objective optimization over model (3
quad settings) given present readings of other inputs

* Used as warm start for other optimizers

Hand-tuning in seconds vs. tens of minutes

* Trained DDPG Reinforcement Learning agent and tested on B . .
) . o - oost in convergence speed for other algorithms
machine under different conditions than training



online

Example:Warm Starts from Online Models E. Cropp et al, in preparation

2 2 S
9 - ) 7 3999 30 3 283
2 z 2 £ £ ¢ § $8:8: %% ¢ £5 ¢
& 3 % ipg iy 5 : fgmaslo Ef O |EES
9] =5 = £ &5
E l i < -I.“DI.I_ 1 -
# N w , Initial
'/' Y —
i drifting inputs quads for flat <
Vo— beam transform el ;
5 BNSIGE ey new quad settings
4 Gun RF read backs .
(phase and amplitude) N
“E’ Virtual Cathode Image Beam Statistics on Screen: | “‘. Pareto
] Statistics (spot size, intensity) Oy ~i front
2 o {
S Other M:}gnet SeFtlngs Gy ~q o __—
IS (solenoid, steering) pixel intensity \\ 4 N

L 7 x,y centroids \ Oy
Flat Beam Quads (3) ‘ /
74
- °d
== Multi-Objective Genetic Algorithm

* Round-to-flat beam transforms are challenging to optimize
= 2019 study explored ability of a learned model to help

* Trained neural network model to predict fits to beam
image, based on archived data

RL was fastest to converge for cases examined
= but did not get a chance to test
comprehensively for different initial conditions

* Tested online multi-objective optimization over model (3
quad settings) given present readings of other inputs

* Used as warm start for other optimizers

* Trained DDPG Reinforcement Learning agent and tested on
machine under different conditions than training



Eff 1C | ent R. Roussel et al., Nat.

Comm, 2021
Characterization with a(x) = g(x) ‘ ‘ p;(g;(x) = h;) ¥(x, x)
Bayesian Exploration ~—— Proximal
’ biasing
. ] @ ;.00 ®) 00
adaptive sampling 17s]| R vaiie 175
Equal lengthscales Short lengthscale 1.50 . i?ailtiileegion
o 1.0 1.25
0.8 08 £1.00
0.6 0.75
0.6 2
0.4 % 0.50
0.2 e 0.25
02 0.00 - . : .
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0.0 X1
Initial samples Exploration samples - ¢ Validity probability
- learning co
Enables sample-efficient constraints 1
characterization of high-dimensional

spaces, while respecting both input and
output constraints

0.2 0.2

0.0 0.0 ¥

See R. Roussel’s Bayesian Optimization tutorial from this workshop Region ok Region not ok


https://www.nature.com/articles/s41467-021-25757-3

Efficient Characterization of FACET-Il Injector

N\ Setting changes on 10 variables (solenoid, bucking coil, corrector quads and matching quads)

v
X-y emit,
—— match,
and
beam

images

Automatic Exploration
(constrained to useful values
of emittance and match)

A

Solenoid + Quadrupoles

Faraday Cup

adrupoles

LOoa

Quadrupoles

Jo|

Quadrupoles
LOb

|
-

A 4

[ Comprehensive ML ] FACET-I Injector

Models of Injector

. . . . . . . transverse phase space
* Used Bayesian Exploration for efficient high-dimensional characterization (10 p P

variables) of emittance and match at 700pC: 2 hrs for 10 variables compared
to 5 hrs for 4 variables with N-D parameter scan

B %

¢ Data was used to train neural network model of injector response predicting x-
y beam images. GP ML model from exploration predicts emittance and match.

* Example of integrated cycle between characterization, modeling, and
optimization - now want to extend to larger system sections and new setups

Predicted Measured

Use of Bayesian exploration to generate training data was sample-efficient, reduced burden of data cleaning, and resulted in a well-

balanced distribution for the training data set over the input space. ML models were immediately useful for optimization.



Efficient Emittance Optimization with Partial Measurements 5ee 5 Miskovich's talk
from yesterday
* Instead of tuning on costly emittance measurements directly: learn a fast-executing model online for
beam size while optimizing - learn on direct observables (e.g. beam size); do inferred “measurements” (e.g. emittance)
* New algorithmic paradigm leveraging ‘“Bayesian Algorithm Execution” (BAX) for 20x speedup in tuning

a s
(@ ~ Iteration 10
Select virtual | — [ Sample beam ! 251 . =
Update GP model —» injector config: size scans from 120 \ I 2.25 ~— BAX Emittance E — BAX it 3=
[SOL1, CQ1, SQ1] posterior — I ~— BO Emittance £.2.001 M, mriiance 50 8 8
Bl \ ] —~2.00 1 2 : p \ BAX Beam Size Error 8 E
g \ ! [ Simplex Emittance ] \qv{ I A L:‘
(d) I =100 \ / i 3 Min. of BAX Emittance 5150 W LA Los 28
Iterate until optimal 8 \ ~ 1754 = A 535
L. N A N 7 1 o L g VMARARIN My s 25
hin injector config (with lowest n k \ / i g 3 1.00 L - : 02 E
Query machine emittance) is found g 80 N\ J Vi g 1504 0 100 200 300
(i) ’% \‘ \v/ ,’ ‘g : Number of Beam Size Function Queries
~K m N .
© R ™ 1 1251 simulation
g odel 60 X-Plane s o L.
o H e 0 . . ' , : Convergence of beam size prediction error
Select query with T H A 1 ( 0 250 500 750 1000 1250 gives practical indicator of optimization
most information 2 Quadrupole Strength (kG) Number of Beam Size Function Queries . ,
aboutoptimal | % convergence (no need to do direct emittance
[;g,‘gffgg;‘;gffgs, o ) ‘ model is learned measurement until the end)
_ Optimization of emittance on model posterior Y, 800
on-th e-ﬂy 9+—t—H——TF—T Hand-Tuned Emittance
Tteration 90 —t— Observed Emittance
RF Gun $-Band RF Matchin; %\ 81 == gm')tetr Dound on Optimal 1} 600 g5
. Accelerator & Wire Posterior Sample g 5 e B Found equivalent quality to hand-
Gun  Solenoid Seets Quadrupoles 120 ) =7 Beam Size Error 5 O A X .
ECHOmS = == Posterior Mean g g £ tuning in about 70 iterations (estimate
“ g 100 il 5 61 400‘; g this would take a few minutes with
g q ZE . L. .
t[ Loa H Lop Jjﬁ Q5 8 2] experiment 35 computationally optimized routine)
w o Cg R o 1 8 I o e S L200 & & |
: g 80 7 44 <
‘ /A N 7
rrrrr T 3 ! ! / ! A Lo
""""""""""""""""""""""""""""""""" 60| X-Plane 20 40 60 80 100 . .
(not drawn to scale) BB h 6 1 B Number of Beam Size Function Queries https://arxiv.orglabs/2209.04587

Quadrupole Strength (kG)

Paradigm shift in how tuning on indirectly computed beam measurements (such as emittance) is done, with 20x improvement over

standard method for emittance tuning. > Now working to integrate into operations.
- Also now working to incorporate more informative global models /priors rather than learning the model from scratch each time.



https://arxiv.org/abs/2209.04587

Neural Network System Models + Bayesian Optimization

Combining more expressive models with BO = important for scaling up to higher-dimensional
tuning problems (more variables)

Good first step from previous work: use neural network acquisition
system model to provide a prior mean for a GP ‘ s

- prior mean Gp ’ System s "y d dine
Used the LCLS injector surrogate model for prototyping vmmer C ne e;(gra ntern
variables: solenoid, 2 corrector quads, 6 matching quads S~ onnie A
objective: minimize emittance and matching parameter data

Correlations Between

Predictions and Ground Truth Mean and Standard Error of Best -Emittance*bmag per Iteration (50 Trials)
Correlations between Model2 and Surrogate (Ground Truth) (10k samples) g - _0.6
Coretion -1 5 0
£ 5 -0.8
£ 35 -0.
. g =S ;
5: E £
= g —10 Eaz
o; S 5
St £ » E-14
o: 2 —15] —— surrogate (Ground Truth) 5
(1]
) £ —— Model2 g2-16
v -20 ; ‘LS —— Constant (Default)
Asie, CwE m e e s 0.460 0.465 0.470 0.475 0.480 0.485 E€-18 = Ground Truth
S2007 ST FI50T SRSt S0, sl S50 =2s 00 SOL1:solenoid field scale (kG*m) b 4 L Modell
Model 2 : —— Model2
0 10 20 30 40 50
q o o R q o iteration
Even prior mean models with substantial inaccuracies provide a Beta = 2.0

boost in initial convergence
—> now testing on machine and refining approach

Forthcoming paper at NeurIPS ML for Physical Sciences workshop



Goal: Full Integration of AI/ML Optimization, Data-Driven Modeling, and Physics Simulations

Want a facility-agnostic ecosystem for online simulation, ML modeling, and Al/ML driven characterization/optimization

Will enable system-wide application to aid operations, and help drive Al/ML development (e.g. higher dimensionality, robustness,

combining algorithms efficiently)

2 Model Prediction Displays Model Output Predictions (e.g. beam images, scalars) HPC cluster
=% P | (e.g. SDF at SLAC,
vl & i , _ NERSC at LBNL)
< U3 g Online Modeling

C
5

Measured Input Data Data High-fidelity Physics
(accelerator settings, processing Simulations

input diagnostics)

Cluster Compute
(CPU,GPU)

14 GeV

Adaptive ML Models

L3-linac

EPICS
Control

Measured Output Data Data
(scalars, images processing
describing the beam)

Online Optimization
and Characterization Tools

Archives
(Measurements,

BCT50 Mev BC243 Gev

Active Learning +
Efficient Exploration

L1X

Predictions, and
Models)

Model and ML-Based
Changes in Accelerator Settings Optimization

" Rrr
E cun
Laser
diagnostics

gun
" ejeQ puE S|9POI |EI1I0ISIH

ﬁ Online Control GUI «

Making good progress toward this vision with open-source, modular software tools



Modular, Open-Source
Software Development

Community development of re-usable,

reliable, flexible software tools for

Al/ML workflows has been essential to
maximize return on investment and ensure

transferability between systems

Modularity has been key: separating
different parts of the workflow + using
shared standards

Xopt.step()

Pass sample(s) to be evaluated

Generator Evaluator
VOCS Generates sample + Evaluates

Defines variables, points objective function

objectives and
constraints

Retrieve result(s), handle errors, add data to generator, store results etc.

vocs: algorithm:
name: TNK test name: bayesian_exploration
variables: Optlong:_ .
x1: [0, 3.14159] n_initial_samples: 5
x2: [0, 3.14159] nEEes A
objectives: {yl: MINIMIZE} generator_options:
constraints: :
c1l: [GREATER_THAN, 0] #Slgma:.
c2: ['LESS_THAN', 0.5] use_gpu:

batch_size: 1
[[0.01, @.0],
False

Different software for different tasks:
Optimization algorithm driver (e.g. Xopt)
Visual control room interface (e.g. Badger)

Simulation drivers (e.g. LUME)

Standards model descriptions, data formats,
and software interfaces (e.g. openPMD)

Online model deployment (LUME-services)

More details at https://www.lume.science/

Optimizer
standard
LUME data

/

Simulation °FFJI6 format [ERCEELS
Impact
ASTRA } gen_1.json X
GPT
Bmad v root:
G . » variables:
enesis generation: 1
SRW » vocs:

» error: [] 1241 items
» inputs: [] 1241 items
» outputs: [] 1241 items

Online Impact-T simulation and

live displays; trivial to get running

on FACET-II using same software
tools as the LCLS injector

Modular open-source software has been essential for our work. We welcome new users and contributors.


https://www.lume.science/

LUME-services: An online modeling service built on microservices

Provide continuously executing online models

*  Slow-executing physics simulations
*  Fast-executing ML surrogates
Generality of tooling

*  Provide abstracted interfaces for model packaging
*  Provide standardized set of services for composing applications
EPICS integration

*  Collect PV values over EPICS and queue simulations
*  Serve model output over EPICS using programmatic IOC

Example applications:
Particle data or screen images (e.g. laser profile) as input (distgen = Impact)
Advanced online visualization
Optimization using online model information (e.g. prior mean for Bayes opt)
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Online Modeling Service

Impact Dashboard:

LCLS Injector Ul w/ EPICS-based widgets (Using LUME-EPICS tools):

LCLS Cu Injector

Have used at LCLS for linaclinjector, FACET-II injector, LCLS-Il injector = now want to interface with tuning (e.g. model info = Xopt)


https://slaclab.github.io/lume-epics/

U gun L1X

LUME-services: An online modeling service built on microservices ; usl . t2amc (3¢
o 135b MeV = 4.3 GeV 14 GeV undulator
* LUME-services is a Python package providing data APIs for inter- ' T
service interactions and user tooling
EPICS EPICS
* Models are pip-installable Python packages and templates may be !Ql !Ql
auto-generated using the LUME-services tools
® Models run in containers when a user schedules a workflow run -~ l ’ N\
* The template provides Continuous Integration (Cl) tools (e.g. ””I” ”””l ””I”
GitHub actions) for users to use for testing and deployment
* Have demoed for a variety of physics sims and ML models at SLAC Model Registry  Job ooneduling  Results Database  Value Snapshotng  Output Server
ervice Service
-> now testing / improving for new cases (e.g. non-expert use) \_ /)
* Have not yet integrated MLOps components (e.g.
continuous/triggered automated model adaptation)
* Resources:
* |ume-services https:/slaclab.github.io/lume-services/demo/ Interface for packaging arbitrary models, model registry
* lume-model https:/slaclab.github.io/lume-model/ Enforcement of minimal metadata (model descript, owner, model type, PVs)
* lume-epics https://slaclab.github.io/lume-epics/ Ability to scale to arbitrary number of models and clients

* distgen https://github.com/ColwynGulliford/distgen

Result storage + programmatic I0C for model results

Essential infrastructure for reliable, continuous online model deployment and model version tracking / updating

Aimed for transferrable design between platforms > welcome collaborators and users


https://slaclab.github.io/lume-services/
https://slaclab.github.io/lume-services/demo/
https://slaclab.github.io/lume-model/
https://slaclab.github.io/lume-epics/
https://github.com/ColwynGulliford/distgen

(1) Developing new approaches for accelerator optimization/characterization and faster higher-fidelity system modeling,

(2) developing portable software tools to support Al/ML, (3) integrating these into regular use

Efficient optimization and characterization (useful also for

integrated development cycle . .. . S
Online prediction with physics sims simulation exploration/design, data generation)

and fast/accurate ML models R y—

Fundamental Software
AI/ML Research Tools
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Summary

General strategy for comprehensive tuning at SLAC:

. Improve global models (accuracy, expressivity, speed, uncertainty estimates, adaptability)

. Develop algorithms for exploration and optimization of new parameter spaces

. Incorporate physics with ML modeling wherever useful < See |P’s talk and Ryan’s
. Set up algorithms and software tools that link each of the above talk later today

Making lots of progress in these individual areas and increasingly using combinations of approaches

Some tools are integrated into regular operations or are used regularly offline (with more on the way)

Have been placing much emphasis on modular, interoperable software tools / standards -2 tools have been used
now for a variety of tasks at SLAC and AWA



Want to join SLAC or collaborate with us!?
We are actively hiring and eager to collaborate



Broad Set of Areas for ML to Impact Operation
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Q?AB, 2018
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anomaly detection
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digital twins + online modeling
(fast sims, differentiable sims, model calibration, model adaptation)
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extract unknown
relationships + correlations
(feed into future control /
design)
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failure prediction
(plan maintenance;
alert to changes in machine;
alert to interesting science)

Predicted Charge (pC)

R. Shaloo et al.
arXiv:2007.14340
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+ need uncertainty quantification for all
+ can incorporate physics information in all


https://arxiv.org/abs/2007.14340
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Component Architecture

QO QO

High-level component Function Kubernetes Jobs

Components () ruvemetes pos Q (W)
®

Data
ELG Stack Visualization
Model DB ® Stores model metadata Apps
® Tracks versioned deployments and associated
workflows

v

Synchronous Snapshot ® Single pulse EPICS PV collection -
Service ® Submission of Prefect workflow runs .
Model Results DB
Pretect Serwoe

Execution

Prefect Service ® Orchestration of workflows Cluster Job
0DS

® Workflow monitoring
® Result management

Results DB ® Result storage @
= QO
EPICS Output Server ® Monitors new entries to the results database

® Serves latest model output variables Model DB Sysn::r::grs (E)E:gust
® Responsible for.uniq.ueness .check SerF\)/ice Server
® Implement archiver integration

Data Visualization ® Provide data visualization for model

Apps inputs/outputs EPE]Ics Epljlcs

ELG Logging Stack ® Consolidation of in-cluster logs Om ]

(|
® Cluster metrics in Grafana dash T l
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Use a fast, accurate model ...

find some knobs that give us the beam we want and apply those to the machine

get info about unobserved parts of machine (online model / virtual diagnostic)

do offline planning and control algorithm prototyping



In reality things are much more difficult...

computationally expensive simulations
Simulation Measurement

fluctuations/noise
(e.g. laser spot)

Relative energy (MeV)
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Virtual Diagnostics Provide information about parts of the system that are typically inaccessible
(destructive, too slow, not directly measurable)

& ™ 7
Adaptively tune a simple physics model Fill in shots: use archive data to learn correlation between
ON e @ © fast and slow diagnostics
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“Physics-informed’ modeling = incorporate physics domain knowledge to reduce need for

data, and aid interpretability + generalization

Differentiable Taylor map physics model + weights = train like ML model
needed very little data to calibrate PETRA IV model

Many approaches: Ivanov et al, PRAB, 2020
* Combine physics representations and machine oL 2 o |
. DB & Fine-tuned TM-PNN
learning models directly (e.g. differentiable @% ] """ SRR N
. . X o i X, X, 0311 [ physics-based model (real)
simulations) % Foz0
B 0.29
. . . L 0.28 Physics-based model (ideal) l\
* Add physics constraints to output metrics A it A e
Qx
* Force to satisfy expected symmetries
(e.g. inductive biases in ML model) Physics-driven representation learning

(e.g. encoder-decoder neural network models)

* Loose form: learn from many physics sims in a

Many examples in our

way that results in good representation of the feld!

physics (also related to representation learning)

Review paper: Karniadakis et al, Nat Rev Phys 3, 422440 (2021)
Snowmass accelerator modeling white paper: arXiv:2203.08335



https://arxiv.org/abs/2203.08335

Differentiable Physics Simulations and ML

Modern ML uses gradients in learning > differentiable physics sims enable modular combinations with ML components, analyses, etc.
Fundamentally new approach in combining physics models, data, and ML

—— arXiv:2203.13818
== Cycle 2
Applied magnetic field 12 [mm= cycles Toward the End-to-End Optimization
B ol ) 2 of Particle Physics Instruments
. & L0 with Differentiable Programming:
+ Hysteresis model g a4 White Paper
— % 08 Differentiable physics models can facilitate instrument-
Mafn:t;\;’(‘go’; @ wide optimization, from accelerator to detector to
! o 0.6 1 physics analysis
Gaussian process . . i ; :
model -2 -1 0 1 2
Current (A)
Beam measurement Differentiable matrix
Y, = f(z) +¢ : : : le-22  e'eT-Higgsnzz-al le-23 elements of high energy
BO on sys. 201 —0 00 scattering processes
10t 4 Wlth Hybrid BO on 225 Heinrich, Kagan, -02
Differentiable physics model of hysteresis g N hysteresls SYS: With U ae2203.00087 04 gg ’ ==
£ R ) I LS il
combined with ML enables in situ > 10° 4 : “*-\-\ = hysieresis 5 150 ol =
characterization of magnetic hysteresis in | & i \ j 08 £
accelerator magnets and higher-precision 10-1 4 65 mada -10 i
optimization B= - dx -12
. . . 80 100 120 140 2
0 50 100 150 200 e (G A N B
Iteration -

R. Roussel, et al., PRL, 2022, arXiv:2202.07747



ML-Assisted Optimization and Characterization

Large, nonlinear, and sometimes noisy search spaces for
accelerators and detectors - need to find optima and

examine trade-offs with limited budget (computational
resources, machine time)

ML-assisted optimization leverages learned representations
to improve sample efficiency. Some methods also include
uncertainty estimation to inform where to sample next
(avoid undesirable regions, target information-rich areas).

Similar set of tools for operation and design (with a few
differences: parallel vs. serial acquisition, need for uncertainty-
aware/safe optimization)

y
Bayesian optimization / active learning / reinforcement learning
- All learn iteratively via online interaction with the system

next point to search

A Ty

Learning Algorithm

(GP model + Bayes. opt.,
iterative surrogate, RL
agent)

System (Simulation or
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Faster multi-objective optimization
with Bayesian optimization and
iterated surrogate models

R. Roussel et al., arXiv:2010.09824
A. Edelen et al., arXiv:1903.07759

Local generative
surrogates and gradient
descent for the SHiP
magnetic shield design

e
7
7

Pareto front: optimal tradeoff between
parameters of interest

Input Variables Output Beam Parameters

A
¢1 K2 XYz
G, |

¢2 ”x.y,z
U T 100 ae
I

| |

Gun ; |
Cavity /N Linac Cavity

%<

Catho | s
|

X

Solenoids

=

Beam
Propagation

Region ok Region not ok

Output constraints learned on-the-fly
R. Roussel et al., arXiv:2106.09202

Kagan et al.

arXiv:2002.046 3



