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Abstract

Difterentiable beam dynamics simulations are in demand,
e.g., to solve inverse and optimization problems in acceler-
ator and beam physics. Here, the two modern open source
codes Cheetah and ImpactX are compared in their approach
to performance-portable programming and automatic differ-
entiation. A first auto-differentiable prototype of ImpactX
explores how the C++ codes in the Beam, Plasma & Accel-
erator Simulation Toolkit (BLAST) could introduce differ-
entiable modeling.

INTRODUCTION

Differentiable simulations are in demand in accelerator
physics, demonstrating order-of-magnitude improvements
for complex tasks such as many-parameter optimization
for beamline calibrations [1, 2], reconstruction of hard-to-
measure quantities [3—6], or uncertainty quantification.

Calculating gradients in simulations with respect to in-
puts requires more calculations and memory than commonly
used, gradient-free simulations. At present, it is an open
question which programming approach might be most effec-
tive and performant to implement the many advanced numer-
ical methods of a (differentiable) beam dynamics simulation.
Desirable is an approach where the physics models only
need to be implemented once (“single-source’) and automa-
tion ensures gradient-calculations (auto-differentiation) and
performance on various computing platforms (CPU/GPU).

This work makes use of - and enhances - two fast, mod-
ern codes: ImpactX (25.08) [7] and Cheetah (0.7.5) [1,2].
Both codes are actively developed in open source, well docu-
mented and support CPUs and GPUs. Historically, Cheetah
implemented only linear tracking models [1], but recently
added nonlinear paraxial methods from merging with the
BMAD-X [2] code. ImpactX implements linear, nonlinear
paraxial and exact Hamiltonian element models. Both codes
implement the same 3D space charge model [8].
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ImpactX approaches accelerator modeling from a need for
symplectic modeling with collective effects, supporting high-
order, multi-node scalable, long-term stable, simulations. It
is written in C++ with Python bindings and reuses modular
exascale methods from the WarpX [7, 9] code. Cheetah fol-
lows a differentiability-first approach, implementing exclu-
sively on the PyTorch (2.7.1) library in its auto-differentiable
array (“tensor”) programming model [10]. Cheetah is lim-
ited to a single compute node (shared-memory system).

This paper is organized in two parts. First, we investi-
gate the latest performance in an anecdotal example, where
both codes have functional overlap — gradient-free modeling
of chromatic element models with up to few-million parti-
cles per bunch and 3D space charge effects. Second, we
show progress in introducing single-source differentiabil-
ity in ImpactX using a modern compiler plugin, producing
executables for gradient-based and gradient-free modeling
without a rewrite away from performant C++.

GRADIENT-FREE BENCHMARKS

Achieving high performance for nonlinear beam dynam-
ics simulations is a moving target, because programming
languages, compilation techniques and hardware evolve con-
stantly. The two codes in this paper use a modern approach
of portable, “single-source” programming, where a gener-
alized implementation of computational routines aims to
perform well on CPUs and at least three different vendors
of GPUs. While both codes approach accelerator model-
ing from different needs and implementations, comparing
a snapshot of performance can be an instructive exercise to
inform future implementations.

This section compares and tunes performance of com-
monly used, gradient-free nonlinear paraxial particle track-
ing and 3D space charge on a single node. Not studied here
are features exclusively in ImpactX, e.g., exact Hamiltonian
models or distributed-memory scalability, or only in Chee-
tah, e.g., concurrent runs of multiple small, independent
simulations. The performance baseline in this paper is the
current state-of-the-art performance, see comparisons in
Refs. [1,2]. Benchmarks use 1 node of the NERSC Perlmut-
ter machine with and AMD EPYC 7763 CPU and Nvidia
A100 80 GB GPU. The best-of-5 measurements is shown.
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Figure 1: Survey plot of the BELLA Hundred-Terawatt Undulator (HTU) beamline at LBNL.
HTU Beamline In Fig. 2 (CPU) and 3 (GPU) and following, performance

As a first benchmark, particle tracking for the BELLA
Hundred-Terawatt Undulator (HTU) beamline at LBNL is
studied [11]. The HTU beamline (Fig. 1) is a compact free
electron laser (FEL), using a short transport line and undu-
lator, fed by a laser-wakefield electron source of 100 MeV
electrons. The laser-wakefield source has a moderate energy
spread of approximately 2.5% and a relatively low 2 mrad
transverse divergence, which requires adequate modeling of
chromatic effects using the paraxial approximation.
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Figure 2: Single precision CPU performance (1 core)
grouped into modeled number of particles. Labels above the
bars are the relative speedup per group to Cheetah perfor-
mance before this work.
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Figure 3: Single precision GPU performance grouped into
modeled number of particles. Labels above the bars are the
relative speedup per group to Cheetah performance before
this work.

The dominating cost of this benchmark is the modeling
of chromatic quadrupole magnets in the beamline. For the
HTU beamline, single precision modeling was found to be
sufficiently accurate and both codes were benchmarked to
agree in their predictions.
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numbers are presented as following: on the x-axis, groups
of code benchmarks are performed for varying number of
particles in the beam. On the y-axis is the performance, a
higher number is better, showing the number of particles
simulated divided by the computing time. Numbers over
the bars show the improvement over the baseline, the best
Cheetah performance before this work.

The three benchmarks per scenario group are:
baseline Cheetah (in Python), Cheetah using
torch.compile [12], and ImpactX. ImpactX runs a
pre-compiled executable, relying on the C++ performance-
portability layer in AMReX and C++ std::simd for
efficient execution [13]. Cheetah is a Python code, and as
such interpreted at runtime. Compiling Cheetah means,
that at runtime the central tracking loop is not just-in-time
interpreted as in regular Python, but transpiled to vectorized
C++ code (for CPU), then compiled to machine-code and
executed [12]. The time spent in transpilation/compilation
is excluded from measurements for both codes.

Compiling nonlinear tracking in Cheetah provides a 1.1-
5.2x speedup for CPU and 8x speedup on GPU, by vectoriz-
ing CPU code, eliminating intermediate variables and fusing
GPU kernels. C++ code from ImpactX runs another 2.4-
8.3x faster on CPU and 3-6.7x faster on GPU. Modeling
only a small number of particles could benefit from (L2/1.3)
caching of the beam particles on CPU (not observed here),
and will lead to under-utilization of a GPU, explaining the
rise of particles/second for more particles/beam in Fig. 3.
Cheetah performance struggles with small particle num-
bers, but provides the aforementioned concurrent-simulation
mode, effectively tapping into the higher performance mea-
sured for more particles per beam.

3D Space Charge

Our teams implemented the same 3D space charge al-
gorithm in Cheetah and ImpactX, based on an Integrated
Green’s Function (IGF) method (open boundaries) [8]. The
ImpactX implementation supports again multiple compute
nodes, while the Cheetah implementation is single-node and
thus 1 node is used for comparison in both codes.

This test is performed in double precision for accurate
results and uses 1M particles / beam, a 3D grid of 2563 cells
for space charge, and cloud-in-cell particle shape for deposi-
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tion and force kick. The dominating cost of this benchmark
is the calculation of the Green’s function.
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Figure 4: Double precision CPU performance (1 core) and
double precision GPU performance. Labels above the bars
in each group are with respect to the uncompiled Cheetah
performance before this work.

The performance comparison in Fig. 4, while on first look
comparable up to a factor 2x in performance, revealed po-
tential for improvements in both codes. For ImpactX on
CPU, the Green’s function calculation in AMReX is not
explicitly vectorized, while the PyTorch computations are.
In Cheetah on GPU, even in the compiled version, the mem-
ory footprint does not fit 100M particles on a 80 GB GPU,
while the ImpactX implementation fits. In both codes, the
Green’s function calculation could in some cases be cached:
in segments where the energy of the reference particle does
not change and the beam envelope evolves slowly, the space
charge grid resolution could be fixed for N steps, revealing a
potential for speedups in future versions.

DIFFERENTIABLE MODELING
IN IMPACTX

In order to introduce gradient-based modeling in large,
existing C++ code bases like the Beam, Plasma & Accel-
erator Simulation Toolkit (BLAST) [7, 9], support for the
compiler plugin Enzyme [14, 15] was explored in ImpactX.
By slightly restructuring the existing ImpactX code base,
we developed a first prototype that supports both forward-
mode and reverse-mode differentiation for envelope-based
modeling, including space charge effects.
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Figure 5: Gradient-free (Nelder-Mead) and gradient-based
(conjugate gradient) optimization of quadrupole strengths
and necessary number of simulations to perform.
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Comparing the existing gradient-free and new gradient-
based ImpactX simulation, detuned quadrupole strengths
ky, k, of a FODO cell were numerically optimized to match
the transverse Twiss parameters of a 0.5 A proton beam
with a kinetic energy of 6.7 MeV energy from FODO en-
trance to exit [16, 17]. Figure 5 shows the required num-
ber of simulations to convergence to the analytical solution
ky o = [-103.12, 103.12]/m? starting from initial values
ky o = [-85,80] /m? using optimizers in scipy .minimize.
In this simple example, gradient-aided optimization using
the auto-differentiated simulation gradients reduces the re-
quired number of simulations from 167 to 37, while indi-
vidual gradient-based simulation CPU runtime is higher by
approximately the same ratio, for both forward and reverse-
mode differentiation.

CONCLUSION

The community is pursuing implementations of beam
dynamics codes capable of CPU/GPU-acceleration, differ-
entiability, and high performance. This work studied the
latest snapshot of the two actively developed codes ImpactX
(25.08) and Cheetah (0.7.5), both showing high performance
on modern hardware for a set of selected, nonlinear paraxial
methods. Compiling Cheetah’s PyTorch (2.7.1) code now
provides up to 8.4x speedup over traditional Python execu-
tion, approaching performance portable ImpactX C++ code
up to a factor 2-8x.

Leveraging the high performance of ImpactX, a first pro-
totype introducing differentiability in C++ was presented,
based on the Enzyme compiler plugin. While currently
based on an envelope tracking model, it shows a potential
avenue to introduce performant differentiability in large ex-
isting C++ code bases, such as the Beam, Plasma & Accelera-
tor Simulation Toolkit (BLAST). Crucially for ML coupling
tasks requiring backpropagation, backward-differentiation
is supported, improving over approaches in Refs. [15, 18]

Future studies will need to investigate performance (run-
time and memory usage) of the studied approaches with
respect to: a) AD code generation, optimization and compi-
lation, and b) more complex methods, like exact Hamiltonian
integrators, collisional methods, or beam-wall interaction.
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