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Challenges of Modern Particle Accelerators

= Particle accelerators are among the most complex real-world scientific instruments

» Increasingly demanding performance requirements & narrower tolerated operation region

= Many tasks involve high-dimensional, coupled optimization and control problems:
— Accelerator design with competing objectives and constraints
— Online tuning of machine settings
— Calibration of models against measurements

» Differentiable simulations provide gradient information to help navigating the high-
dimensional parameter space
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What is a differentiable beam dynamics simulation?

» Physics-based simulation that can also return derivatives of its outputs with respective to
desired inputs using automatic differentiation (AD).

— Inputs: machine settings, beam distribution, hidden model parameters
— Outputs: beam size, emittance, orbit, etc.

» In practice, modern AD tools compute the gradient by applying chain rule through the
computation graph, using forward or reverse accumulation depending on the scenario.

= Many libraries and programming languages now have AD supports

O PyTorch . Y
Z'A’ﬁ TensorFlow jUIi.a %

Enzyme-AD
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Cheetah

A PyTorch-based high-speed beam simulation code to support ML applications I

» Full GPU supports and seamless integration of
ML models built in PyTorch

beam_1in ParticleBeam. from_astra(“beam_in.inil")

= Open-source: https://github.com/desy-ml/cheetah

. segment Segment(
» Modular design, easy to use and extend
Drift(length=torch.tensor(96.2)),
Quadrupole( length=torch.tensor( ), name="Q1"),

o0e Drift(length=torch.tensor( )),

Quadrupole( length=torch. tensor( ), name="Q2"),

pip install cheetah-accelerator Drift(length=torch.tensor(6.2)),

segment.Ql.kl torch.tensor(
segment.Q2.kl = torch.tensor(

beam_out segment.track(beam_in)
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https://github.com/desy-ml/cheetah
https://github.com/desy-ml/cheetah
https://github.com/desy-ml/cheetah
https://doi.org/10.1103/PhysRevAccelBeams.27.054601

JuTrack.jl

A Julia package for auto-differentiable accelerator modeling and particle tracking

i i Physics code .
" 6D SympleCtIC traCklng Lattice, 6-D symplectic tracking, 'fl‘{:;c;;tid fz’oggler Serics 0N
Collective Effects, ... T Gl ’xy' 5
= Supports collective effects like space-charge, _ _ Slot fuXt fube o+ fig0 40
. . . dynamics coordinates, Hfuax" + fzX" T Px 0 fym6
wakefield, and beam-beam interaction X, P Vs Py 2,6

Coefficients, fy, fi1, fizo s fam

= Open-source: https://github.com/MSU-Beam- FEEEEiiii e
Dynamics/JuTrack.jl Simulation results,

RllRZI"'lRL

Q1.k1 = x1

Q2.K1 = x2

beam = Beam(DTPSAD. ([
Q2]

beam.r

Jacobian(tracking_wrt_k1, [k1, k2]

J. Wan etal,_J. CPC 2025
5 Argonne & APS
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https://www.sciencedirect.com/science/article/pii/S001046552400420X
https://github.com/MSU-Beam-Dynamics/JuTrack.jl
https://github.com/MSU-Beam-Dynamics/JuTrack.jl
https://github.com/MSU-Beam-Dynamics/JuTrack.jl
https://github.com/MSU-Beam-Dynamics/JuTrack.jl
https://github.com/MSU-Beam-Dynamics/JuTrack.jl

SciBmad.jl (Bmad-Julia) @’

A new high-performance, polymorphic, and differentiable accelerator physics
Ssimulation ecosystem in Julia.

= Open source: https://github.com/bmad-sim/SciBmad.]l

» Inspired by the Bmad ecosystem, highly modularized packages
« BeamTracking.jl : differentiable charged particle tracking
« GTPSA,jl: high-order auto-diff using the GTPSA library
« Beamlines.jl
« AtomicAndPhysicalConstants.||
* NonlinearNormalForm.jl

D. Sagan et al, IPAC 2024
6 Argonne & APS
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https://proceedings.jacow.org/ipac2024/pdf/WEPR52.pdf
https://github.com/bmad-sim/SciBmad.jl
https://github.com/bmad-sim/SciBmad.jl
https://github.com/bmad-sim/SciBmad.jl

Application Examples
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Example: Gradient-based Tuning and Optimization -
= Tune magnet settings using the gradient of the beam "'“_j/”'"' —
dynamics model computed through automatic o/ - o]
differentiation. E—————
= Can be scaled up to high-dimensional optimization ' |
= Act as physical-prior for sample-efficient optimization, such A S SR
as Bayesian optimization g '
L6F —— Simplex A B(; muh‘hﬂlrpl’iur
F 1.4 BO === BO mismatched prior J
& g ﬂ g
E : s N\ e
%5; g% Prior __ff’f/{fff é
é Modal
Actuator [ unknown variable Input variable i ' N L X X
0 10 20 30 40 50
Iteration
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https://doi.org/10.1103/PhysRevAccelBeams.27.054601

Example: Gradient-based System Identification

Quadrupole misalignments fitting

» Determine hidden system properties using the gradient of
the beam dynamics model computed through automatic
differentiation.

= Compared to BBA, this approach can also be applied
parasitically on other data, e.g. from optimization runs or
emittance measurements

_13 13 L fa;:-..,

Simulated dati Iteal-world data

= Possible integration with Bayesian Inference
framework such as Pyro 'j]

|
=

g

¥ mizalignment [nem)

Hh B & =

Q

v misalignment [man|
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https://doi.org/10.1103/PhysRevAccelBeams.27.054601

Example: Beam Characterization in Transport Lines

Measurement of 5x5 beam sigma matrix in Booster-to-Storage Ring (BTS) Line at APS

Predicted transverse beam profile

= Scan quadrupole magnets & measure transverse beam profiles on before (white) and after (red) fitting

downstream screens

= Use differentiable-simulation to reconstruct the initial beam distribution *

Parametrized Distribution Phase-space Coordinates Simulated Lattice il
Sample

Farticle Track @y Scresns a

S|

o d
Seresn Images .

Sigma matrix X (8]
X ~ N0, Eg)

¥ [T

i€l N

Gradient descent
6" g = EJ, - Jf?.:.u[— E . Y 1]

Predicted Measurad

Loss Calculation = g
L{¥oarget, Ve (8] -
Mean-squared errar ¥ored ¥ourgat 1
1.5 1.0 2.5 5 0.0

x {mm)
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https://prebys.physics.ucdavis.edu/NAPAC-25/proceedings/pdf/MOP093.pdf

Example: Generative Beam Phase Space Reconstruction (GPSR)

Sample efficient reconstruction for up to 6D phase spaces

Randomly Generated

Neural Network
Parameterized Transform

Proposed Initial
Particle Distribution

Differentiable Accelerator Simulations

Samples — A Transverse Deflecting
X ~ N(O I) v/ \:\!g \v 3yoi= QL Q2 Q3 Q4 Cavity (vertical) Dipole YAG2
o T KKK
OV, i)
XeR \\r/,“\\\lf LA YAGL
Focusing Scanning
Quadrupoles Quadrupole Zn == f(Y, kn)
. . o6 6 _ .
gxaet)'R = R Y*g(Xaet) v
Reconstructed . ) -«
ey 0" = argmin! : .
Initial Distribution 0 . . Simulated Screen Images  Experimental Screen Images
R Gradient calculation

9t+1 = 195 - h(Vgl)

Optimization Step

Y* = g(X;0%)

Loss Function

N,I,J
=2 IR = Q)
i,

Image Difference

(1) — KDE(Z,)

Package available at: https:/github.com/roussel-ryan/gpsr

R. Roussel et al. 2023, PRL.130.145001

o R. Roussel et al. 2025. PRAB.27.094601

Courtesy: Ryan Roussel
Argonne & APS
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https://journals.aps.org/prl/abstract/10.1103/PhysRevLett.130.145001
https://journals.aps.org/prab/abstract/10.1103/PhysRevAccelBeams.27.094601
https://github.com/roussel-ryan/gpsr
https://github.com/roussel-ryan/gpsr
https://github.com/roussel-ryan/gpsr

Example: Integrate Modular Neural Network Surrogate Models

Modeling complex processes with surrogate models than can be reused

» Replace/augment Cheetah elements with neural network O R [] = ¥¥s2 o r [] ﬁ
surrogates trained on high-fidelity simulations or real data. - - ﬂ i
5 5
= Neural networks implemented in PyTorch are effectively oyakia SU"OQat; rapp & htiod
native to Cheetah. Easy integration & preserved end-to-end in Cheetah
differentiability.

i({ "welghts.pth*))

whot simpde == Choclot space ol tu g : : :
1 _E {a) 1 150 f E I I-.|§ :: feh :
g 1o {{h E 1-u|% L I . E| é
LT AN 1 ¢ =mf % L Y 1
. E s 1 . | -
R R S N I R A bin (1, ) Rq |- ] Bout (11, D)
{li] L I I I I l'|l :II.IE L I I I I '--I 03 \‘- I I I I (i I
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Efforts Towards Building a Digital Twin at LBNL (BELLA):

Interactive Beam Dynamics Simulations

) Beam dynamics simulations of the BELLA HTU beamline e
using ImpactX or Cheetah take < 1s
enabling interactive use in the control room
™ T e N = o v o
e / ’ r ) S - ~ PMQ (ignored)
PP e 4 W T Sp—— oo || xofteeioms as
n e— — o
Y LBNL team has built an interactive interface
to explore accelerator behavior in simulations. V[ ______________ lll ____________ JIIIIIIIIIIIII
Y The interface can connect to the control system and
read control parameters in real-time, and update .
simulations accordingly. 1 P [ WA

Courtesy: Remi Lehe ArgonneO\APS

A
LL&‘ r)f ENERGY e



https://github.com/BLAST-AI-ML/bella_htu_digital_twin
https://github.com/BLAST-AI-ML/bella_htu_digital_twin
https://github.com/BLAST-AI-ML/bella_htu_digital_twin
https://github.com/BLAST-AI-ML/bella_htu_digital_twin
https://github.com/BLAST-AI-ML/bella_htu_digital_twin

Conclusion

Differentiable beam dynamics simulation codes enable:

- high-dimensional design optimization

- faster and safer online tuning

- model calibration and system identification

- beam characterization and phase-space reconstruction
- digital twins and virtual accelerators.

Joint development effort and community collaboration will be the key to enable new
applications throughout the lifecycle of a particle accelerator
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Automatic Differentiation — Forward Mode

— forward flow

» Propagates the directional derivatives (tangents)
alongside the intermediate values when moving

forward through the computation graph

= Example:

.y d
calculate the derivative 2Y for
axl
y = Sin(x1x2) U3 = V12 @ [U’g = Vs L‘l + v ’[Jg = EL'QJ
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Automatic Differentiation — Reverse Mode

— reverse (adjoint) flow forward flow

» Propagates the adjoint values from the output to @ @
1 2

the input variables, after evaluating the function

= Example:
p Ay — Ay 31‘.}3 - - = 3'U3 _ =

. d .
calculate the derivative ﬁ for y = sin(x;x,)
1

Vg = V1Us @ [63 =1y - 3—;’; = v4 cos(vz) = cos(mlmg)J

18 Argonne & APS
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All the codes are under active development

Programming Language Python Julia Julia
JIT Compilation
Reverse mode AD Enzyme ReverseDiff.j|

Forward mode AD experimental in Pytorch TPSA + Enzyme ForwardDiff.jl, GTPSA.jl

= There are also other auto-differentiable beam simulation codes that do not consider Al/ML
applications: COSY-Infinity, MAD-NG, ...
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How-To Achieve AD Beyond Transfer Maps

Example: Implementing Space Charge Effect in Cheetah i
= Differentiable SC kick using integrated Green'’s function Numb';f;:?“‘mgfé_,}ifiiiwm o0
(IGF) method %

* s-to-t transformation _
Implementation Benchmarks

* Cloud-in-cell charge-deposition in grid points
1 Neare Gaussian beam at Cold beam expansion
pijk = AXAyAZ Z qu(xijk - xp) dlﬁerent energy ’ ® Cheetah simulation
P=1 10 s{ —— Envelope equation
. . e y=10 'g
- Field solver to obtain the Lorentz force A =
1 P % , s y=10000 % s
2 2 — 2 = '% e
3:2c¢+3y¢ + _232‘;5:__' F = _qv¢/y liis E2
Y €0 s,
+ Field gather to interpolate the force to macroparticles . o '
F(xp) = Z S(xp — x;jk) Fijk §°
ijk $e g oome
o Apply kICk 10 7 o o 5 3 M 5 ::Z:z Cheetah simulation,
. zlo, using automatic differentiation
+ t-to-s transformation ' — Emetope equation

0 1 2 5

3
s (m)

S R L ehe et al. PASC’26 under review 20 Argonne® APS




Memory Scaling
Example: Space Charge Effect

» Increased memory usage to keep track of gradient

» Linear scaling for both #particles and #grid cells

» Forlong term tracking with more computation steps,
possible mitigation with gradient checkpointing

% US.DEPARTMENT  Arg:

@, oy ENERGY .n

R. Lehe etal. PASC’26

Memory (MB)

=}

AM in a full space charge kick (B)

AM in a full space charge kick (B)

a) without tracking derivatives b} with reverse-mode differentiation
kick 1 | kick 2 ikick 3 kick 1 © kick 2 = kick 3
Forward pass Backward pass
0 50 100 150 200 250 300 0 50 100 150 200 250 300
Wall time (ms)
le8
4 -
—— Neeis =8 x 107 L
Neis =27 X 10° )
3 Neeis = 64 x 102 2 1000
—— Neels = 125 x 10° / :
2
5 Neeis = 216 X 10° £ 500
/ § 0
1
1000
o
0 3
0.0 0.2 0.4 0.6 0.8 1.0 : 500
Npart. 1e5 El
0
le8 R = - 0
4 & \QQ & ©
i < <& &
= © e
. & K
3 - S
—— Npar =1x103
5 Npat =10 x 10°
- Npar, = 25 x 10*
] —— Npa. =50 x 103
Npart = 75 x 10*
0 —— Npar, =100 x 10°
0.0 0.5 1.0 1.5 2.0 2.5
Neeiis 1e5
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Training Reinforcement Learning Controllers
Transverse beam tuning at ARES A

o = (b, b) Au
= RLis proven to be efficient in real-world control tasks, RLO in ARES EA (including feedback)
but training is extremely time-consuming (up to millions .. e . —
of interaction steps) ; osf i ul\
- e I f\
= Differentiable simulations can serve as low-cost é ” , o J A
training environment to (pre)train, which is more i .,: = o —awid :: @ — e —a]
explainable than data-driven surrogate models sg A .

. . . . . —04 = g e naB’Q_,—r“""""—""""']I\“- == ]
= The RL-trained optimization algorithm is deployedto L. . . . . . . ’“ AT ST
the real-world with zero-shot learning thanks to swe sw
domain randomization J. Kaiser. C. Xu et al. Sci. Rep 2025

w j ENERGY Tanaged
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https://www.nature.com/articles/s41598-024-66263-y

One Step Further: Gradient-based RL

Example of LCLS FEL Tuning with 14 quadrupoles

= The sample inefficiency of RL training is Roll-out the episode, accumulate rewards, and back-propogate
: . to update the policy
because it needs to estimate the expected

Vo, R Ve, R
return by applying certain action sequences Observaton Observation
@[ZLS NN policy @-LT:LS NN policy
= Differentiable environment can provide direct \ _________________________________ \
. . . . . . . Ve .R Vo.R
gradient information for improving the RL policy L e [ v
NN policy éLCZS NN policy @:&;5 VoR = Z VoR
» Gradient-based RL can train orders of N Y ,
magnitude faster than the gradient-free variant
10 T T T T
8} '(//' :
E 6 1
£
£ af
s
2+ ]
—— Gradient-free
Or —— Gradient-based 7
0 1 2 3 1 5

Number of interactions x108
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Data-Driven Feedback Optimization

European-XFEL Electron Beam Dump

f o=
% Gumy
» Find optimal settings for 12 corrector magnets
and compensate for continuous drift, using
readings from 10 BPMS oP dP -
Upy1 = U — O .—(Hk-. Yr) + __(ukryk H| Vi
du dy
_ Initial sensitivity from Cheetah Random
Model-based  ====) Data-driven model, refine with Kalman filter excitation signal
10! b I —IFeedback (I)ptimization' g
=== Nelder-Mead
g 10°
é 107! E
e
F 107
g
1073
107 F | . ; . .
0 50 100 150 200
Time step
c i ¢ ol Automatisi tochnik 2025 Courtesy: Christian Hespe
. respe et al, Automautsierungstecnni o4 ArgonneO\APS
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https://doi.org/10.1515/auto-2024-0170

Physics-based Prior Mean for Bayesian Optimisation
Combine Cheetah with BO

= A physics-informed prior can help improve the FODO cell beam focusing example
performance of BO by preventing over-exploitation. ————r————
1.6 — Simplex  ------ BO matched prior -
= Differentiability allows efficient acquisition function 1.4 ~:— BO ~==BO mismatched prior ]

optimization using gradient descent methods in
modern BO packages like BoTorch.

[
(V]
1

= 1.0 ?“l \ Min. of mismatched prio:
= Can be used in combination with gradient-based S R
- .
system identification to overcome model g 0.8 i
inaccuracies. & 0.6 F
0.4 X ]
g T ——— PR e I A T T T I il
2 \ 0 10 20 30 40 50
2 vt ]
o] Prior / Iteration
Model

Input variable

Argonne & APS
icaga Ar ne, LLC.
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