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Detailed beam phase space customization required
different experiments

Cathode and RF gun
RF accelerating cavities
Focusing magnets

E ¥ Linearizing cavity ~Chicane (beam compression) Undulator (e- beam to photons)
laser o
profile v
AN ity === Hyy ,'_:‘ photon beam to 7
250 MeV 4.3 GeV 14 GeV . experiment
_ A , - stations o
\ Y
Injector Main Accelerator Sections

Beam exists inrl® positiomomentum phase space

Incomplete informatioreasure P projections or reconstruct based | _&woie @o)
perturbations of upstream controls (e.g. tomography)

Dozengohundreds of controllable variables and huoftherissands to & o
monitor =
Increasingly dynamic control needed during experiments e _ML

50 100 150 200 250

Nonlinear, highdimensional optimization/control problem (9 Time (fs)

A.Marinelliet al., NatCommurb, 6369 (2015) A Marinell i,



wide spectrum of tuning needs

E gn L1X
Q -

e L2-linac_ ..

lL3-_Iine3c

profile S an o L aa
BCT BC2 b
250 MeV 4.3 GeV 14 GeV undulator
A.Marinelliet al., NaiCommurg, 6369 (2015)

) J.Qianget al, PRAB (2017) E-Profile (arb.)
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-20 0 20 40 § ' \ A "
Time (fs) 0

50 100 150 200 250
t(fs)

Energy (MeV)

+H.,—> Pphoton beam to

7 experiment
stations

A Marinell i, | PAC618

\

Time (fs)

Achieve new
configurations +
unprecedented beam
parameters

Rapid beam
customization

Fine control to
maintain
stability within
tolerances




Relative energy (MeV)

[mm-mrad]

En,x

computationally expensive simulations

14 1
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Simulation Measurement

2
40 -40 -20 0 20
Longitudinal position(zzm)

-20 0 20 40
Longitudinal position (um)

O 10 h ours Y nJQlat1goha\q3RgT/%3@' r} d S 160
cores at t he2RERSCO o
120
°§ 100 [
60
40
reality
VS.
simulation

0 250 500 750 1000 1250 1500 1750 2000
Sample Number

many small, compounding
sources of uncertainty

fluctuations/noise

(e.g. initial beam condition

hidden variables / sensitivities

of
From the 2017-2018 run.._

Booster Q-meterbased inj. eff. measure has a calibration error.

140
time (days)

80 100 120 160 180

drift over tim

nonlinear effects /
instabilities



Distribution Shift is a Major Challenge in Particle Accelerators

Many sources of change over time: g -
A Deliberate changei® beam configuration (e.g. beam charge) E»’ \

w < - . - -
A Unintended driftin initial conditions (including in unobservable Time (fs)

variables), diurnal temperature/humidity changés,

A Time-dependent action dieedback systems

175 Measured
Predicted (Ensemble Mean)

- W PNV Bl -

< unseen region

20000 40000 60000 80000 100000
Sample Number (increasing time)

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 qualitatigimetric for unc

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

Need fast ways of obtaining characterization data from accelerator



-to -day control tasks . ..

We rely heavily on human operators for day

0|
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We rely heavily on operators for day -to-day control tasks. ..

Local Feedback +
Optimization \ ;
(iterative firRuning) .

-—

_——F bk s v
e e =g a\

——

Anomaly Detectlon

,' Heuristic Control Policies
+ Failure Prediction

- (operator intuition)

% - o :
- £'(
)Jd

e :
émany analogous techniques in optimizati on,




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

less

<«—  assumed knowledge of machine — > more
N\ _ A 4 _
ModelFEree Modelguided Global Modeling +
Optimization Optimization Feedforward Corrections
\/ ______
J. Kirschner
Observe performance change after &
setting adjustment Update a model at each step
imate directi | A provide initial gugs®. warm start)
;J estimate |redc'|on or apply A use model to help select the ne A provide insight to operators
euristics toward improvement point T A modebased control
J \\ J \.

gradient descent
simplex
ES

General strategy: start with sample

Bayesian optimization
reinforcement learning

ML system models +
inverse models

-efficient methods that do well on new systems, then build

up to more data -intensive and heavily model -informed approaches.




Measured emittance (mm-mrad)

Many successes with Bayesian Optimization (+ algorithmic |mprovements)

FEL pulse energy tuning at LCLS
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Comprehensive review of advanced BO for particle acoaters
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https://github.com/xopt-org/Xopt
https://github.com/xopt-org/Xopt
https://github.com/xopt-org/Xopt
https://doi.org/10.1103/PhysRevAccelBeams.27.084801

Incorporating Constraints

0.44

We want to ensure during measurements that the beam stays on screen
A Define asmoothly varying penalty function to act as a constraint .

Measure maximum distance from the

Define a circular ROI ROI center to bounding box corners

Constraint:n Tt

Other examples: Beam losses, dark current production, emittance, etc.

See R. Roussel et al., PRAB (Ripd)/journals.aps.org/prab/abstract/10.1103/PhysRevAccelBeams.27.084801

objective

0.2 4

0.0

—-0.2

A

0.0 0.2 04 06 0.8 1.0
X

constraint

e r

AN

°

00 02 04 06 08 10

total

TN

1.

|
00 02 04 06 08 10

Gardner et. al. ICML 2014


https://journals.aps.org/prab/abstract/10.1103/PhysRevAccelBeams.27.084801

Trust Region Bayesian Optimi 0 )
Trust region =3 \
7] 1
\ —10 4 /
5 T T T T T
01 E==== e N> @<———""
_5 - \‘
—-10 4 \
5 T T T T T
01 === = B S Sl
20 1 —— manual “run by hand” =57
| —— simplex ~10 -
_ 18 —— upper-confidence-bound . : r T T
- = 16 —— turbo #1 . , 2.0 2.5 3.0 3.5 4.0
= *
£ 2 141 —— turbo #3 printization'(TuRGO) o o
& 5 ly Standard turbo rand. sext ESRF for lifetime optimization:
12 Lifetime turboi d t#1
optivization urbo large rand. sex A 50x faster than human operator
101 procedure turbo large rand. sext #2 ‘ o
— . — —_ turbo (input: turbo #2) ] A Achieved best lifetime yet observed at
n Tl n N
. e o — m < o — m <
S & & £ _= B & @ @ ESRF (41 hours) |
ESRF time [hour:minutes] A Nowusedin regular operation

Trust region BO enables efficient extension to very high dimensional problems with narrow ranges of stability


https://accelconf.web.cern.ch/icalepcs2023/papers/mo3ao01.pdf

Fast-Executing, Accurate System Models

Accelerator simulations that include nonlinear and ML model bl de f . imulat
collective effects are powerful tools, but they can models are able to Prow e last approximations to simu athns
be computationally expensive (osurrogate model so0)

Meural Nobwork

Simulation Measurement

gy (MeV)

Linac sim in Bmad with collective beam effects

Redative evergy (Me)
3 o &

Scan of 6 settings in simulation
ST | AR} M | W
LiPhase 40 -20  -251 deg
L2 Phase S 0 414 deg
L3Phase 10 10 0 deg
Livotage 50 110 100 percent

percent
percent

oy (MeV)

Helative

T L LU
H [relalres

%0 0 % L2Voltage 50 110 100

o dretatre

Loagitodinal posationd pm)

PRI OO (4 L3 Voltago S0 110 100
s ot ol. PRSTAB3O < msexecution speed
10 hours on
thousands of 10% times speedup
cores at NERSC! Edelen et aNeurlPS019

Long history now of using ML modeling to enable accurate predictions of accelerator system responses with unprecedented speed



https://ml4physicalsciences.github.io/2019/files/NeurIPS_ML4PS_2019_90.pdf
https://ml4physicalsciences.github.io/2019/files/NeurIPS_ML4PS_2019_90.pdf
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
(06surrogate model s0)

Bringing simulation
tools from HPC ; L)
systems to sl - XTCAY
online/local & C2 =+

mput
compute Linac sim in Bmad with collective beam effects

Meural Nobwork

ey (relalive]
g ¥ 5 E

M4 N oW H Fo I
s (relathoe) b frwiainne)

Scan of 6 settings in simulation
Simulaticn

I o o
L1 Phase 40 -20 -25.1 deg

L2 Phase S 0 414 deg

L3 Phase <10 10 0 deg
LiVoltago 50 110 100

percent

. L2Voltage 50 110 100 percent
Control prototyping

K ;] L3Voltage SO 110 100 percent

Experiment planning < msexecution speed

ey el e

He [elative]

L I L
H [relalres

Online prediction 108 times speedup
Modelbased control

Edelen et alNeurlP2019

Long history now of using ML modeling to enable accurate predictions of accelerator system responses with unprecedented speed



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

Combining BO with Warm Starts from Online Physics Models

Used combination of online physics simulation and Bayesian optimization algorithms to aid LCLS-II injector commissioning
/

Readings from machine via EPICS

—» Hand over to ML-based optimization for fine tuning
injector settings, laser profile from VCC image

Xopt LCLS-Il Emittance Optimization 2022-12-04

=
=]

\/ — norm_em?t_x 3480 Model Iearns > ‘/7
- norm_emit_y \
0.8 | —>— sqrt_norm_emit_xy 275 On-the-ﬂy
emittance and beam sizes along z . \
) »{ (no prior 4 |
0.6 - \

o
>
S0L28 (uG*m)

o
N

Measured emittance (mm-mrad)

Bayesian optimization 0 ﬂ/ /

2 4 6 8 10 12 14 16 18

Xopt iteration R T T
l s0118 Gcm)

LCLS-II live sim: run on HPC and display in control room o 43/1 00 Bez::irsni’i;tfnfcetyet obtaifwe.d d.uring
Updates every 3-8 mins, space charge included, uses LUME-IMPACT Yex ? g = hjector commissioning

¢ ve, 0.57/1.00

N Adjust settings / ranges with insight from predictions —

o
o

(=}

06-Dec-2022 01:53:37
OTRS HTR 330 EMIT

despite extensive previous hand-tuning

Physicists’ intuition aided by detailed online physics model = simple example of how a “virtual accelerator” can aid tuning

HPC enables fundamentally new capabilities in what can be realistically simulated online



In Regular Use: Injector Surrogate Model at LCLS

went)

A ML models trained on detailed physics simulations with nonlinear collective effects =4

A Accurate over a wide range of settings calibrate to match machine measurements
A Provide initial parameters for downstream model

optimization
. algorithms
«

\\ /"

-

oia 030
SOLNINZ® 121 BDES (15

3

-0.01

interactive model widget
and visualization tools

prototypin/g,...r--'-"""""

ML model matches
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Automatic adaptation of models and identification of sources of
deviation between simulations abdidsnachine

£4n (MmmM-mrad)

Deflector

Simulation and ML model trainec
on it are qualitatively similar to
measurements under interpolatio
(setting combinations reasonable
distance from training set)

09
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07

06

+ Measurement
* NN (from sim)
041 « ScaninSim
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SOLN:IN20:121:BDES (kG*m)
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ML models trained on simulations and measurements have enabled fast prototyping of new optimization algorithms, facilitated rapid model

adaptation under new conditions, and can directly aid online tuning and operator decision making



Leveraging Online Models for iy N )
Faster Optimization o ’ ‘ e ’ - o

Combining existing models with BO Ry o .

A important for scaling up to higher dimension — data

Solenoid
Laser-Heater

-2
<06 .

\ Emittance
RF

Prototyped on LCLS injector
variables:solenoid, 2 corrector quads, 6 matching quads
objective: minimize emittance and matching parameter

Spectrometer

Screens/Wires

S T model prediction returns to pric
—  Deflector R ————
S 0 . \ = == Constant Prior
g regular Bayesian \ —— NN, r=-0.1, MAE = 1.5mm
£ =5 optimization l| = NN, r= 0.4, MAE=1.2mm
£ ~24 b —— NN, r= 0.7, MAE=0.6mm
§-1o € \ = NN, r= 1.0, MAE=0.0mm
£ £ 3
% —151 —— surrogate (Ground Truth) _ v \
E _ | — Moden2 prior mean from 91 RN
v -201 = ., . . ~~
0.460 0.465 0.470 0.475 0.480 0.485 models with dlﬁer% Seo
SOL1:solenoid field scale (kG*m) T e —
fidelity
0 R 1 I I I I I
Even prior mean models with substantial inaccuracie 0 10 20 30 40 50
provide a boost in optimization speed Step

https//arxiv.org/abs/2403.03225 httpsi//arxiv.org/abs/2211.00028


https://arxiv.org/abs/2211.09028
https://arxiv.org/abs/2403.03225

online

Example: Compensate for Upstream Dirift in Fast Setup E.Croppet al, in preparatio

. 53 w
Q s w38 aa  w . wEg
2 " 3 ::: 3§ P E£E
2 ] 2 3 2,638 3 sx  |5EE ) ) ) ]
9 — HEH Can work even under distribution shift
\ Y bl s
0125 Train
. Train
drifting inputs quads for flat P ols f  Test(ndtest)  F .00 Test (2nd test)
Vo beam transform "*--.\ new quad settings 1 o §0.075
4 Gun RF read backs ., 0.10 1 distribution £
(phase and amplitude) // Shfﬁ é 0.050
g N P 0.05 / S 0025
“EJ Virtual Cathode Image Beam Statistics on Screen: | ) \‘ areto / )
H Statistics (spot size, intensity) oy st ﬁront 0.00 il 0007 55 60 65
5 o ] 10 bR D 30 Gun Voltage (MV)
§ Other Magnet Settings Oy ~ k‘ aser Spot o, (pixels)
£ (solenoid, steering) ; pixel intensity \\

L / X,y centroids \
Flat Beam Quads (3) 4 / NN start point L X
J initial solution
T—= Multi-Objective Genetic Algorithm from neural

network model
A Roundto-flat beam transforms are challenging to optimize
A 2019 study explored ability of a learned model to help

fine-tuning

)

A Trained neural network model to predict fits to beam =
image, based on archived data "

hand tune
A Tested online multbbjective optimization over model (3
guad settings) given present readings of other inputs  «

A Used as warm start for other optimizers o _
Handtuning in seconds vs. tens of minutes

A Trained DDPG Reinforcement Learning agent and tested on : :
machine under different conditions than training Boost in convergence speed for other algorithm



online

Example: Compensate for Upstream Drift in Fast Setup

o . i1 Can work even under distribution shift
g .1 P, j BIi: oiiob e
2 3 & Es §, £ 2 zd 82,35 g e |zig .
b= - SEQ A 3 S & 92 @ AN
2 { % [T ! = - = i Train 0125 Train
- — 5 P #0 Test (2nd test) = Test (2nd test)
2 0.100
% wi , —,-é
Y — 0 1 distribution 5 0.0
! re: . il 5 =
i drifting inputs quads for flat [l shift 2 0.050
[ TTe—— i 2
beam transform . new quad settings M S 0025
4 Gun RF read backs . 0 bl 0.000
(phase and amplitude) \, 10 15 20 25 30 ’ 50 55 60 65
“v Y Laser Spot o, (pixels) Gun Voltage (MV)
4 kY
< \
b Virtual Cathode Image Beam Statistics on Screen: | ) \ Pareto
E Statistics (spot size, intensity) 0y i front
= o Initial
5 o, Gp RL
@ = b ES
8 Other Magnet Settings o ~a o \__“
£ (solenoid, steering) Sl T N y -
A \
L , X,y centroids \ Oy
Flat Beam Quads (3) li
/

- s
T—= Multi-Objective Genetic Algorithm

A Roundto-flat beam (RTFB) transforms are challenging to optimize; sensitive to
upstream drift (e.g. in laser, rf systems) _ _
A want to be able to set up RTFB quickly despite drift

A 2019 study explored ability of a learned model and tuning algorithms to help

A NN model used as warm start for BO, extremum seeking, héming

A Trained DDPG Reinforcement Learning agent on NN model and tested on RL agent converged faster/more smoothly than B
machine under different conditions

A Broadly similar problem (at different scale) for LCLISAWACRINg between setups



Reinforcement Learning

RL can help address a different set of needs than BO:
A Use global machine information, more historical data

A Treat as a dynamical systgmany timelependent
processes/feedbacks + drift)

A Address demands for fast dynamic control from users

Suitability of accelerator tuning problems for RL:

A Many variables, muthodal signals (images, scalars, time series)

Nagabandi, et al., 2019

target beam
parameters or images

Control

Policy
present machine
settings

new machine

settings Spectra

A Continuous state/action spaces (similar to robotics)
A Have physics models/simulators for many problems

Objective Desciption
00000
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time
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30 10
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Variety of high dimensional signals for states, objective
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v Plot data Stop

Draw Rate 798.6108

120 Hz FEL pulse intensity

linear instabili§/ sensitive to dynamic proces
S(e.g. trajectory feedback, cooling, LLRF coni
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Reinforcement Learning

_ N _ _ ..Lgff;gon Lab
A FEL is sensitive to focusing, trajectory;
. Cathode and RF gun
perturbing beam/feedbacks too much RF acoslscaliog caitios
. ocusing magnets
reSUItS n beam |OSS€S r J Linearizing cavity Chicane (beam compression) Undulator (e- beam to photons)
' laser »
A Using datalriven surrogates and e A ; o phioton besm 167
differentiable sims to train agents \ \ s bl e
! Y
A Iteratively add more data, targets and ] WAk Aoosibriinr Sections
variables: : - :
~28 focusing magnets for FEL pulse intensity
A Photon pulse intensity (many more variables to include: steering, rf cavities, undulator, drive

A Beam phase space images, spectra

A Focusing magnets, RF cavities,undula 4| _ pogicted (NN surroggte) | -
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Samples (increasing time, several hours of tuning



Efficient

Characterization with «a(x) = o(x) l—lpl(gl(x) h;) ¥(x, xp)

Bayesian Exploration

adaptive sampling

Equal lengthscales

Initial samples Exploration samples =

Enables sample-efficient
characterization of high-dimensional

spaces, while respecting both input and
output constraints

Short lengthscale
—_—
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R. Roussel et. al.

Nat. Comm. 2021
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Bayesian Exploration for Efficient Characterization

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

Automatic Exploration ) v
(constrained to useful val
of emittance and match)

X<y anit,
match,
and
beam
images

Solenoid + Quadrupole:

Faraday Cup

LOoa

| Quadrupoles
LOo
adrupol

iu es
|
% Quadrupoles

=

v

Comprehensive ML
Models of Injector

FACET-II Injector

transverse phase space

A Used Bayesian Exploration for efficient high-dimensional characterization (10
variables) of emittance and match at 700pC:2 hrs for 10 variables compared
to 5 hrs for 4 variables with N -D parameter scan (~8x faster)

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

A Example of integrated cycle between characterization, modeling, and 7 B

optimization A now want to extend to larger system sections and new setups I

Predicted Measured

o
‘-
6 @ 00 10 W 2
P
m.
o % 10 150 20 20

https Avww.nature.cderticles/s4146021-25757-3

Use of Bayesian exploration to generate training data was sampleefficient, 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.



Goal: Full Integration of AI/ML Optimization, Data -Driven Modeling, and Physics Simulations
Working on &acility-agnosticecosystem for online simulation, ML modeling, and Al/ML driven characterization/optimization

Will enable systerwide application to aid operations, and help drive Al/ML developnient. higher dimensionality, robustness,
combining algorithms efficiently)

P Model Prediction Displays Model Output Predictions (e.g. beam images, scalars) HPC cluster
o F (e.g. SDF at SLAC,
S e i y y NERSC at LBNL)
E = £ Online Modeling
(=
- Measured Input Data Data High-fidelity Physics
(accelerator settings, [ELeesSSIl] Simulations
E input diagnostics) 1T Cluster Compute
NE: (CPU,GPU)
£ Adaptive ML Models
o 3
v}
™
= Measured Output Data Data
Y (scalars, images processing T
3 describing the beam) Online Optimization 2
; and Characterization Tools 5
2 8
a o Archives =
= X Active Learning + (Measurements, =% &
of Efficient Exploration Predictions, and |8 §
8 3 Models) o
5 5t Model and ML-Based g
) v KR Changes in Accelerator Settings Optimization
ﬁ Online Control GUI | J ‘

Making good progress toward this vision with open -source, modular software tools
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NATIONAL LABORATORY | ] e QHHV LABORATORY

~
A
rrereee "'I

BERKELEY LAB

Will work closely with UH and Prof.

Sigi Li to adapt to UH machine and
Roussel, et al. IPAC 2023 THPL164 explore new algorithmic

futpsjgithub.comixopbrglXopt ESRF approaches!
https://github.com/xopbrg/Badge Tk Bt St

National Laboratory

G.“ Brookhaven

Common software tools Xopt, Badger) enables rapid transfer between facilities and algorithmic prog

Also working to link accelerator and photon beamline tuning (e.g. BlueSky integration)


https://accelconf.web.cern.ch/ipac2023/pdf/THPL164.pdf
https://github.com/xopt-org/Xopt
https://github.com/xopt-org/Xopt
https://github.com/xopt-org/Xopt
https://github.com/xopt-org/Badger
https://github.com/xopt-org/Badger
https://github.com/xopt-org/Badger

Thanks for your attention!
Any questions?

-

1 THALY = UDA

]

Thanks to the core team at SLAC
working on various AIML technologi
and infrastructure!

Thanks to many other collaborators
shown!



Backups



Existing Capabilities and Software

Many capabilities can be readily adapted to new cases
ML-based tuning ( Xopt )

0 Learned output constraints

Informatiodbased sampling (characterization)
Trust region optimization

Multrobjective optimization

Beam alignment through optics components
Hysteresiaware tuning

Physics/ML system models to speedopskll tuning
(Priors, expected correlatietgs,

O OO o0 oo

Graphical User Interface (Badger)

0o Modular backend

0 Easy to select variables, objectives, constraints and
algorithm
0 Algorithm progress and model visualization

Digital twin infrastructure

(0] Adaptive ML model wrapping and deployment (I
model)
(o] Physics and ML model deployment workflow using
Kubemetes and Prefect (includes S3DF deployment)
S3DF integration with control system

0 Simple /O from batch jobs
(0] Kubemetes for lengnning jobs

Accelerator

@t Opensource software falfML tuning

- =
Xoptt

Surrogate model for BO

local, maps settings + context variables to objective function

Physlcs:isystem model priors Gaussian Process
Physics-informed kernel

lume-model

setting changes

read-backs
to form objective

Adaptively calibrated system model
global, maps settings + context variables to beam outputs

data to update
system model

Physics simulation

Integration of adaptive system models withsdd control

Trust region

i

Best observed point

Region not ok

Robust algorithms for commemtpuntered issues

gun i
- XTCAV
Ry L1SL o L2-linac (3-linac V

»
— 8Clsomev B243Gev  14Gev  undulator

Online Modeling Service

emittance and beam sizes along z

OTROHO4
A

Digital twin infrastructure (local and S3DF)

https://github.com/xawt/
httos: /Awww lume science/


https://github.com/xopt-org/
https://github.com/xopt-org/
https://github.com/xopt-org/

Further Automation

A

Virtual objective

0.0005 - Function Samples
0.0000

—0.0005

alx)

Screen .90

185

Beam ' ‘
Chaining together automation of

subtasks and measurements T1 T2 Ql Q2

RF /laser timing scans, beamline ~ Automated beam alignment
A 2030 minutes by hand

alignment, smart sampling for A 5 minutes with BAX
measurements

— Posterlor mean @ Training data
14 2./ Posterior confidence reglon

ICT1_nC
(=]

¥ Sample Optima

0.03

0.02

0.01

0.00

0 50 100 150 200 250 300 350
K1SetPhase

Automated determination of gun phase with BAX

180 1

175 A

x
8]

170 1

165

160 1

155

—— Steering Current (A) = 0.25
—— Steering Current (A) = 0.07

Poor
steering value

Ideal steering value

-0.75 -0.50 -0.25 0.00 0.25 0.50 0.75

Quadrupole Current (A)

Smart sampling

for emittance measureme
with Bayesian Exploratio

/

Beam bounding box penalty

R. Roussel, D. Kennedy



