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Abstract

Particle-in-cell (PIC) codes are a cornerstone of plasma-based accelerator research. We present a
generalized parallelization algorithm for PIC simulations that achieves high efficiency across mod-
ern high-performance computing (HPC) architectures, including CPUs (x86 and Arm) and graph-
ics processing units (GPUs) (NVIDIA, AMD). The algorithm employs a micro-spatial domain
decomposition combined with a high-performance particle manager for efficient particle migra-
tion between domains. Each domain is mapped to a CPU thread or GPU thread block, ensuring
balanced parallel workloads even in realistic scenarios. Implementations use architecture-specific
programming models—OpenMP for CPUs and CUDA/HIP for GPUs—while maintaining a com-
mon algorithmic structure, making porting straightforward. Benchmark results for a representa-
tive 2D problem demonstrate excellent performance on both single devices and large-scale HPC
systems. The algorithm is also show to be extendable for other PIC variants and architectures.

1. Introduction

Building on the pioneering work of Buneman and Dawson in the early 1960 s [1, 2], particle-in-cell
(PIC) codes [3-5] have been a fundamental tool in plasma-based accelerator development since its
inception [6]. These codes (e.g. VLPL [7], OSIRIS 8], CALDER [9], and VORPAL [10]) operate at the
most fundamental, microscopic level, making few physical approximations and are ideally suited to these
problems. However, this also makes them among the most computationally expensive models in plasma
physics, requiring efficient use of large-scale high-performance computing (HPC) systems [11, 12] and
exploiting multiple levels of parallelism available on these systems [13, 14].

Since the early 2000 s, graphics processing units (GPUs) have emerged as an alternative to traditional
CPU-based computing [15], offering increased throughput and energy efficiency [16, 17]. The current
ecosystem of scientific computing systems [18] still relies on diverse hardware approaches and ven-
dors, each with specific programming models, memory architectures, and processor types. Nevertheless,
GPU/accelerator-based systems now dominate the Top500 list, with 255 systems in the November 2025
edition.

As GPU-based systems gradually became the prevailing HPC architecture, the plasma simulation
community began rethinking PIC algorithm implementations for this platform. Early efforts demon-
strated the feasibility of electromagnetic (EM) PIC on GPUs and explored the use of CUDA-based par-
ticle push, field interpolation, and current deposition kernels [19, 20]. Subsequent work addressed key
algorithmic bottlenecks in GPU-based PIC simulations, including particle reordering, charge and current
deposition, memory coalescing, and load balancing [21-23]. More complete GPU-oriented implemen-
tations and performance studies subsequently demonstrated the potential of accelerators for large-scale
plasma simulations [24-26], and subsequent work extended these developments toward production-
oriented and multi-architecture environments through optimized CUDA implementations and portability
strategies for modern accelerator-based systems [27, 28]. However, the irregular memory-access patterns
inherent to the PIC algorithm, together with the limited capabilities of early GPU devices, constrained

© 2026 The Author(s). Published by IOP Publishing Ltd


https://doi.org/10.1088/1361-6587/ae9c96
https://crossmark.crossref.org/dialog/?doi=10.1088/1361-6587/ae9c96&domain=pdf&date_stamp=2026-9-1
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://orcid.org/0000-0001-6342-6226
mailto:ricardo.fonseca@iscte-iul.pt

10P Publishing

Plasma Phys. Control. Fusion 68 (2026) 085054 R A Fonseca

the performance and scope of these first implementations. Continued community efforts, combined with
evolving GPU capabilities, have since led to the deployment of user-oriented codes targeting modern
GPU hardware, including PIConGPU [29], Smilei [30], WarpX [31-33], HiIPACE++ [34], VPIC [35],
and OSIRIS [36, 37].

Despite the rise of GPUs, CPU architectures remain critically important, and the community con-
tinues to pursue platform-agnostic solutions that retain high performance across different architec-
tures. This is not straightforward because implementations optimized for NVIDIA GPUs commonly rely
on CUDA and on architecture-specific optimization techniques (e.g. [37]). Some codes pursue porta-
bility through programming models such as OpenMP, as used by Smilei [30], or SYCL [31]. Others
employ libraries that provide hardware-portability layers, including AMReX in WarpX [31] and Alpaka
in PIConGPU [29]. Although these approaches facilitate portability across CPU and GPU architectures,
abstraction layers often fail to fully exploit hardware-specific features. An alternative is to use native pro-
gramming models that directly expose the characteristics of each target architecture while retaining a
common underlying algorithm. Such an approach avoids the need to develop two fundamentally differ-
ent parallelization strategies while preserving as much portability as possible across architecture-specific
implementations without sacrificing performance.

In this paper, we present a generalized parallelization strategy for the PIC algorithm that delivers
high performance on both CPU and GPU architectures by exploiting their similarities. The implemen-
tation uses architecture-specific backends with native programming models, while keeping the core algo-
rithm identical, making porting straightforward. Section 2 provides an overview of the two prevailing
compute architectures. Section 3 discusses PIC algorithm bottlenecks and introduces the proposed paral-
lelization strategy. Section 4 details implementation aspects for both architectures, and section 5 extends
the algorithm to multi-device setups for large-scale HPC systems. Section 6 presents benchmarks across
multiple architectures, hardware configurations, problem sizes, and scaling scenarios. Section 7 explores
extensions to other PIC variants, such as quasi-3D geometry, and additional hardware platforms. Finally,
section 8 summarizes the main results and outlines future work.

2. Modern HPC hardware

Current HPC systems [18] primarily rely on two architectures: multicore/manycore CPUs and general-
purpose GPUs, as illustrated in figure 1. While these architectures historically evolved independently,
recent iterations exhibit notable similarities in parallelism and memory hierarchy at the socket level.

Modern CPUs, such as Intel’s Sapphire Rapids family, feature up to ~ 64 cores per socket, with two
hardware threads per core. These cores provide strong scalar performance and include single-instruction
multiple-data (SIMD) units up to 512 bits wide for vector processing. CPUs employ a multi-layer mem-
ory hierarchy, with large per-core caches and main memory banks using DDR5 RAM with capacities on
the order of ~ 100 GB, complemented by smaller high-bandwidth memory (HBM) banks. This design
offers good performance even for non-sequential memory access through the cache system.

Conversely, modern GPUs, such as NVIDIA’s Ampere architecture and successors, include up to ~
108 streaming multiprocessors (SMs), supporting up to 2048 threads per SM. Threads execute in groups
of 32, called warps, in a SIMD fashion, managed by a highly efficient thread scheduler capable of rapid
context switching. The GPU memory system also uses a hierarchical design, with explicit control over
shared memory within each SM and large HBM pools (on the order of ~ 100 GB) delivering extremely
high bandwidth for coalesced (sequential) memory access.

Both architectures achieve performance through massive parallelism and hierarchical memory sys-
tems: a large, slower memory pool (main memory on CPUs, device memory on GPUs) complemented
by smaller, faster memory blocks (CPU caches, GPU caches/shared memory). These commonalities can
be leveraged to design a parallelization strategy for PIC codes that runs efficiently on both platforms. For
optimal performance, our implementation uses native programming models, namely OpenMP for CPUs
and CUDA/HIP for GPUs, adding additional specialization when needed.

3. Generalized parallelization for the PIC algorithm

The PIC algorithm [3-5] implements a particle-mesh approach for modeling kinetic plasma scenarios by
tracking charged particles that interact through EM fields discretized on a grid. The EM-PIC algorithm
consists of four main steps:
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Figure 1. Comparison of modern CPU (Intel Sapphire Rapids 8480+, left) and GPU (NVIDIA A100, right) architectures show-
ing the memory hierarchy and processing units. The solid line marks the device boundary.

1. Interpolating EM fields at particle positions;
. Advancing particle velocities and positions using these fields;

. Depositing self-consistent electric current on the simulation grid based on particle motion;

[ S S S \S]

. Advancing EM fields using the deposited current.

The most computationally demanding components are particle advance and current deposition (steps
1-3), which account for the bulk of the calculations and scale linearly with the number of particles.
Fortunately, operations on individual particles are essentially independent, enabling parallel process-
ing and efficient use of the floating-point capabilities of modern architectures. However, achieving the
required level of performance on a single CPU or GPU requires keeping all processing units fully utilized
while ensuring efficient access to particle and field data, making memory access the dominant challenge.

The primary limitation on effective memory bandwidth in PIC algorithms arises from irregular
memory access patterns during field interpolation and current deposition, which depend on particle
positions as the simulation evolves. Additionally, current deposition can lead to memory collisions when
multiple particles processed in parallel attempt to update the same grid cell, reducing parallel efficiency.

To address these challenges, we propose a micro-spatial domain decomposition strategy, inspired by
approaches originally developed for distributed memory systems [11]. Here, we describe a 2D imple-
mentation, which can be extended to higher dimensions. The simulation domain is divided into small
spatial regions of approximately 207 cells, referred to as tiles. To simplify the algorithm and improve effi-
ciency, all tiles in the simulation have the same size. Currently, the algorithm requires the global simula-
tion domain to be rectangular; however, it can be straightforwardly extended to support tile distributions
with irregular boundaries, for example, to approximate a circular domain.

The goal of this strategy is to minimize irregular memory access to main/device memory. Before
interpolation, tile EM fields are copied from main memory to faster local memory using sequential (coa-
lesced) access. Interpolation and current deposition are then performed in this fast memory, minimizing
the overhead of irregular access. After computation, updated data is copied back to main memory using
sequential access. Each tile operates independently, relying only on local data, allowing straightforward
parallel processing across tiles. Additional parallelism can be exploited within each tile, as particles and
cells can also be processed concurrently. Memory collisions during current deposition can be mitigated
through serialization or, alternatively, atomic operations, which are typically efficient in local memory.

As with any spatial domain decomposition, after advancing EM fields and depositing current, tile
edge values must be synchronized with neighboring tiles. More importantly, after particle advancement,
particles may cross tile boundaries and must be reassigned to the appropriate tiles. This migration pro-
cess, which we refer to as particle tile sort, represents the most significant challenge of the algorithm and
must also be handled efficiently in parallel.

3.1. Particle tile sort
The particle tile sort reorganizes the global particle buffer so that particles belonging to the same tile
occupy contiguous positions in memory, enabling sequential access to particle data for each tile. Many
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relevant scenarios exhibit significant particle number imbalance across tiles, with some tiles containing
orders of magnitude more particles than others, and this distribution evolves dynamically during the
simulation. To handle this efficiently, we maintain a single contiguous particle buffer for all tiles rather
than separate buffers per tile. This approach reduces overall memory requirements and avoids frequent
checks or resizing of individual buffers. Two auxiliary arrays are used: one stores the number of particles
per tile, and the other stores the offset (start position) of each tile within the global particle buffer.

On modern architectures, this sort must be both highly parallel and minimize data movement.
Exploiting the fact that particles will at most cross into one of the 8 neighboring tiles in each iteration,
the algorithm is divided into four parallelizable steps, as each tile operates independently:

1. Count particles crossing tile boundaries. Each tile iterates over its particles, counting those leaving
in each direction and those remaining. It stores this information, along with the indices of outgoing
particles, in temporary buffers. The new particle count per tile is computed by adding (via atomic
operations) the number of particles staying and incoming from neighbors.

2. Compute new tile offsets. Using the updated particle counts, a parallel prefix scan determines the
new offset for each tile in the global particle buffer, accounting for both local and incoming particles.
These will be the final offset values after the sort.

3. Stage outgoing particles. Using a temporary particle buffer as a staging area, configured using the
new offsets, each tile reserves space for its outgoing particles in the appropriate destination tile using
atomic operations. Each tile then iterates over the list of outgoing particles and copies them into the
appropriate neighbor’s staging area. Since space is preallocated, this copy avoids memory collisions.
Holes left in the main buffer are filled with particles from the end of the local list. If the tile offset
changes, some particles staying in the tile may need to be shifted; these are copied as a block into the
tile’s staging area. After this step, all data in the main buffer already reflects the new offsets, leaving
space for staged particles at the end of each tile region.

4. Finalize copy from staging area. Each tile copies its staged particles into the main buffer using the
reserved space. This is a simple sequential memory operation, as the staging area is already organized
according to the new tile distribution.

This algorithm minimizes unnecessary data movement by keeping most particles that remain in
their tile in the same position within the global buffer. The only exception occurs when a tile’s offset
changes; in such cases, a small number of particles are shifted to maintain contiguity. For example, if a
tile’s offset increases by N positions (e.g. due to particle accumulation in lower-index tiles), N particles
from the beginning of the tile’s list are moved to the end. As shown later, this has negligible impact on
performance.

3.2. Particle advance / current deposit

Once particles are organized by tiles, advancing particles and depositing current becomes relatively
straightforward. We assign one computational kernel per tile, namely one CPU thread or one GPU
thread block per tile. On GPU architectures, we use one thread per particle, while on CPUs, explicit vec-
torization of the particle advance should be employed for optimal performance, as discussed below. This
process consists of two main steps: (i) interpolating EM fields and updating particle velocities, and (ii)
moving particles and depositing current.

For the velocity update, the kernel begins by copying the corresponding tile EM fields into fast mem-
ory, namely local memory on CPUs and block shared memory on GPUs, effectively creating a software-
defined cache for this data. Then, for each particle, we read its position and velocity from global mem-
ory, interpolate EM fields from local memory, advance the velocity using the appropriate algorithm, and
store the updated velocity back in global memory.

For particle motion and current deposition, we follow a similar approach. The kernel allocates an
electric current grid for the tile in fast memory and initializes it to zero. Then, for each particle, we read
its position and velocity from global memory, update its position, and accumulate the current corre-
sponding to this motion using a charge-conserving algorithm (e.g. [38]). Given the additional level of
parallelism inside the kernel, special care must be taken to avoid memory collisions during current depo-
sition. To address this, we use atomic add operations on GPU architectures (which are generally efficient
in block shared memory) or serialize the current deposit for vectorized code on CPUs. Once all parti-
cles have been processed, the local tile current grid is added to the global current grid using sequential
Memory access.
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3.3. Field advance
For a finite-difference-based field solver, such as the Yee algorithm [39], we adopt a similar strategy
by assigning one computational kernel per tile for efficient field advance calculations. On GPU archi-
tectures, we use one thread per cell, while on CPUs, given the simplicity of the algorithm, we rely on
compiler auto-vectorization as it typically provides good performance. The main challenge, though less
severe than in particle operations, is again the nonlinear memory access pattern, this time introduced
by finite-difference operators. To mitigate this, the kernel begins by copying the corresponding tile EM
fields into fast memory, performs the field update locally, and then writes the updated fields back to
main memory. In our implementation, the electric current is accessed directly from global memory since
it follows a sequential pattern, allowing more fast memory to be allocated for the remaining grid data.
For spectral-based field solvers, such as the pseudo-spectral time-domain (PSTD) method [40], the
primary computational overhead typically lies in the fast Fourier transform (FFT) routines. In these
cases, it is generally preferable to use optimized, high-performance FFT libraries available for the target
system. These libraries often require a specific memory layout for optimal performance, so we imple-
ment a lightweight computational kernel (again, one per tile) to convert between the tile-based grid and
the FFT-compatible layout.

4. Implementation details

Ideally, we would like to maintain a single code base for all architectures to simplify development.
However, while the proposed algorithm is similar across platforms, this approach typically incurs a per-
formance penalty. ‘One-size-fits-all’ programming models enforce hardware abstraction layers that do
not always align with our algorithm, and achieving peak performance with these models often requires
specialized versions, limiting the benefits of portability. Alternatively, we can achieve optimal perfor-
mance by using native programming models that explicitly manage hardware details. Specifically, this
involves using OpenMP for CPU threading (along with SIMD vector intrinsics) and CUDA/HIP for
NVIDIA and AMD GPUs.

Although this results in at least two separate code bases, the shared algorithm significantly simplifies
development. Many code blocks remain identical or very similar, with the main differences occurring in
how computational kernels described in the previous section are launched. Minor variations in kernel
implementations are required, but these are specific to the computational backends. At a higher level, the
code exposes the same classes and interfaces to the user, enabling the same problem to run seamlessly on
different architectures.

4.1. CPU implementation

Parallelism on CPUs is primarily achieved using OpenMP [41], with kernel launches handled by an
OpenMP loop that assigns one thread per tile. Although OpenMP does not provide explicit control
over local (fast) thread memory, this behavior can be approximated by copying EM fields into a locally
defined buffer. Due to the small tile size, these buffers typically reside in the L1 cache. For particle rou-
tines, dynamic or guided OpenMP scheduling is essential to ensure parallel load balance, as different
tiles may contain varying numbers of particles and thus exhibit different workloads.

An additional level of parallelism for particle advance and current deposition is introduced through
explicit vectorization, following the algorithm developed for the OSIRIS code [14]. This approach lever-
ages the fact that particle computations are identical and essentially independent. The algorithm loads
a batch of particles corresponding to the SIMD vector width and processes them in parallel using the
SIMD unit. The main challenge here is memory collisions during current deposition, which are miti-
gated by serializing the final step of this operation. To simplify deployment of vector code across dif-
ferent CPU architectures, we implemented a hardware-agnostic abstraction layer. This layer provides
generic vector operations (including gather instructions) for particle advance, which are translated at
compile time into architecture-specific intrinsics. Currently, all major SIMD instruction sets are sup-
ported, including AVX2 and AVX-512 for x86, and NEON and SVE for Arm.

4.2. GPU implementation

Since GPU accelerators have a separate memory space, we execute the entire algorithm on the GPU to
avoid the bottleneck of CPU-GPU communication during normal operation. The only data transfer
between host and device occurs when saving simulation results to disk. Computational kernels are
launched using the standard GPU thread engine, typically assigning one thread block per tile and using
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block shared memory as fast local memory. For problems with a small number of tiles, multiple blocks
per tile can be used to improve performance by increasing thread count.

The work presented here focuses mainly on NVIDIA GPUs using CUDA. We assign a large num-
ber of threads per block (approximately 1k) and use one thread per particle or grid cell, depending
on the kernel. Since, unlike the CPU code, multiple threads operate on the same tile, explicit synchro-
nization within the kernel is required, which is achieved using block-level synchronization functions.
Additionally, during current deposition, atomic operations are employed to prevent memory collisions in
shared memory among threads in the same block.

5. Extension to multiple devices

Extending the algorithm to multiple devices introduces an additional parallelization challenge, as the
problem must now be split across multiple devices and memory spaces, requiring communication of
field and particle data between devices. The most general and portable solution for this purpose is MPI,
which is widely available on all HPC platforms. While other models could be used for multiple devices
within the same hardware node (as is already the case for the OpenMP CPU implementation), MPI pro-
vides a unified approach that works regardless of device location.

To parallelize the algorithm across multiple devices, we introduce an additional level of spatial
domain decomposition, assigning one MPI process (or computational element) to each domain. The
core algorithm remains unchanged for intra-domain parallelization; the only modifications involve
updating information at tile edges, which may now reside on different MPI domains.

For grid data, the implementation is straightforward. We pack data from multiple tiles destined for
the same MPI node into a single message buffer and initiate communication with neighboring nodes.
We then perform tile edge updates within the domain using standard single-device routines. Once this
step is complete, we wait for incoming data and unpack it into the corresponding local tiles.

For particle data, MPI communication is interleaved with the standard particle tile sort steps
described in section 3.1. The algorithm proceeds as follows:

1. After counting particles crossing tile boundaries (Step 1), exchange the number of particles leaving
MPI domains with neighboring nodes. Message data is organized by tile so that upon unpacking, each
edge tile knows how many particles it will receive.

2. Compute new offsets in the particle buffer (Step 2), also accounting for particles incoming from dif-
ferent MPI nodes.

3. When copying particle data to the staging area (Step 3), also handle particles leaving the MPI domain.
Once complete, pack outgoing particle data into message buffers (one per MPI neighbor) and initiate
communication with all neighbors simultaneously.

4. While particle data messages are being exchanged, proceed with copying particles from staging mem-
ory into tiles (Step 4), processing particles that remain within the MPI domain.

5. After communication completes, unpack received particle data into the corresponding tiles.

The CPU and GPU implementations are nearly identical, using kernel-based parallel routines for
message packing and unpacking. This is facilitated by CUDA-aware MPI, which allows GPU device
memory to be used for message buffers. For both grid and particle data, MPI communication is over-
lapped with intra-node grid and particle tile updates, significantly reducing communication overhead.

6. Benchmarks

Benchmarks were performed using a simulation of the collision between electron and positron plasma
clouds initially moving perpendicularly to the simulation plane, where the physics is dominated by the
Weibel instability [42]. This well-studied scenario presents a challenging test case, as it produces cavi-
tation, high-density filaments, and significant particle motion within the simulation plane, leading to
uneven particle distribution across the grid, as shown in figure 2. This stresses both the particle tile sort
routine and parallel load balancing. At the same time, the scenario scales easily to larger spatial domains,
making it ideal for large-scale parallelization tests.

6
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Figure 2. Benchmark simulation. The plot shows the structure of the in-plane charge density for the (a) initial (t = 3.5/wy), (b)
growth (f = 18.2/w,) and (c) saturation (t = 35/wj,) stages of the Weibel instability. Dashed lines represent the tile boundaries.
Only a 256 cell subset of the total simulation grid is presented.

Table 1. Single-socket performance.

Device Programming model Performance [GPart s—!]
NVIDIA A100 80 GB SMX CUDA 11.60
NVIDIA A100 80 GB PCle CUDA 10.97
NVIDIA A100 40 GB SMX CUDA 10.78
Intel Xeon Gold 6336Y 24c @ 2.40 GHz OpenMP / AVX2 0.77
Intel Xeon Gold 6336Y 24c @ 2.40 GHz OpenMP 0.43
Fujitsu A64FX 48c @ 1.8 GHz OpenMP / SV10°12 0.64
Fujitsu A64FX 48c @ 1.8 GHz OpenMP 0.15
Apple M4 Pro 14c @ 2.59 GHz OpenMP / NEON 0.88
Apple M4 Pro 14c @ 2.59 GHz OpenMP 0.53

Regarding the tile size, the dimensions may be chosen to be anywhere from 32 to 40 cells, at which
point the tile size may be too large to fit in the GPU shared memory / CPU L1 cache. Larger tile sizes
will lead to fewer particles crossing tile boundaries per time step, which benefits the particle tile sort
algorithm by reducing data movement. On the other hand, smaller tile sizes leave more fast mem-
ory available for the remaining computations, which may speed up other operations in the code. For
this benchmark, the tile size was chosen to be 322 cells (see dashed lines in figure 2), which offered a
good balance between these two effects. Smaller values, down to ~ 202 cells, were found to yield similar
performance.

The main figure of merit is the total number of particle advances per second, computed by counting
all particle updates over a fixed number of iterations and dividing by the total wall-clock time. This met-
ric includes all algorithm steps: particle advance, field solve, and particle tile sort. Table 1 shows perfor-
mance results for several GPU and CPU architectures using a 20482 grid, 8% particles per cell per species,
and linear interpolation, run for 500 time steps (enough to reach instability saturation). For CPUs, we
report both base OpenMP performance (compiler auto-vectorization) and explicit vectorization tim-
ings. The algorithm achieves excellent performance across all devices, reaching ~ 11 GPart s~! on GPUs
and ~ 0.8 GPart s—' on CPUs with explicit vectorization. The large GPU vs CPU speedup of ~ 14x is a
result of both the superior floating-point and memory bandwidth capabilities of GPUs.

The breakdown in table 2 shows that particle advance routines dominate runtime (87% on GPUs
and 96% on CPUs), while the field solver is negligible (~1% on GPUs and ~ 0.03% on CPUs). The
main difference between architectures lies in the particle tile sort, which accounts for ~ 12% of GPU
time and ~ 4% of CPU time. While this is mainly due to particle advance being more efficient on GPUs,
we can also see in table 2 that there are differences in the sort stages: CPUs handle the ‘copy out’ step
(step 1 in section 3.1 above) better, likely due to cache effects. Overall, the particle tile sort introduces
minimal overhead.

Performance depends strongly on problem size (figure 3). Both architectures show similar behav-
ior, with reduced performance for small problems and peak performance for sizes above 1 GB/species,
regardless of the number of particles per cell. This reflects the need for large thread counts to maximize
floating-point throughput and hide memory latency, as well as the need to offset structural overhead.
GPUs are particularly sensitive, requiring thousands of threads for efficiency. For small problems with

7



10P Publishing Plasma Phys. Control. Fusion 68 (2026) 085054 R A Fonseca

Table 2. Breakdown of time spent on each step for (a) total
simulation and (b) particle tile sort.

()

Step GPU CPU
Move / Deposit 53.38% 59.55%
Velocity Advance 33.81% 36.67%
Particle Tile Sort 11.54% 3.74%
Field Solver 1.09% 0.03%
Initialization 0.18% 0.00%
Other 0.01% 0.00%
(b)

Step GPU CPU
Copy out 41.87% 29.02%
Bnd check 51.97% 70.05%
Copy in 5.90% 0.94%
Update offset 0.26% 0.00%

Performance vs. Problem size

10% ——
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Figure 3. Algorithm performance vs problem size for GPU (NVIDIA A100 80 GB PCle) and CPU (Intel Xeon Gold 6336Y 24c
@2.40GHz). Square markers: GPU; circle markers: CPU. Problem size is measure in memory size per species. Performance mea-
sured for 4%, 82, and 167 particles per cell.

few tiles, launching multiple thread blocks per tile is required to improve performance, with each block
handling a subset of particles and depositing current into separate shared-memory buffers before accu-
mulation in global memory via atomic operations. With this optimization, GPU performance exceeds
10 GPart s~! for all problems above 1 GB/species and remains reasonable even for the smallest test
(1282 grid, 16 particles/cell, 256k particles total, 7 MB), achieving 1.85 GPart s~ !.

Explicit vectorization significantly improves CPU performance, particularly on architectures with
wide SIMD units such as Fujitsu A64FX. This processor supports both 128-bit vectors via older NEON
extensions and 128- to 512-bit vectors through scalable vector extensions (SVE), enabling us to evaluate
the impact of different vector widths and instruction sets. Table 3 presents measured performance for
various configurations, including compiler auto-vectorization. Using explicit SIMD intrinsics yields sub-
stantial gains, with speedup scaling with vector width and reaching approximately 4.3x over the base-
line. However, overall efficiency on CPUs remains far below that of GPUs: although the peak floating-
point performance of this CPU is roughly one-quarter that of the tested GPU, the observed performance
is about 17X lower. This gap is primarily due to costly vector gather operations and serialized current
deposition. Without efficient gather capabilities or fast atomic operations (features available on GPUs)
increasing SIMD width further provides diminishing returns.
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Table 3. Performance on Fujitsu A64FX vs SIMD vector width. ‘Auto’ refers to compiler
auto-vectorization (up to 512 bits). Relative speedup is computed from ‘Auto..

Vectorization Performance [GPart s 1] Relative speedup
Auto 0.154 1.00x
NEON 128 bits 0.295 1.92x
SVE 128 bits 0.390 2.54%
SVE 256 bits 0.498 3.24x
SVE 512 bits 0.653 4.25%

Weak scaling @ Deucalion

102 4

101 -
optimal (cpu)
—8— 1 proc/cpu
—-o—

Performance [GPart/s]

2 proc / cpu

4 proc / cpu
—— optimal (gpu)
—— A100 40 GB
——- A100 80 GB

100 4

10° 10? 102
# sockets

Figure 4. Parallel weak scaling on Deucalion for CPU and GPU partitions. GPU results shown for both models; CPU results
include 1, 2, and 4 processes per CPU. Solid lines indicate ideal scaling.

For larger problems, multiple devices are required. As discussed earlier, this is achieved using MPI.
Figure 4 shows weak scaling results on the Deucalion system, which includes CPU nodes (Fujitsu
A64FX) and two types of GPU nodes (NVIDIA A100 SMX, 80 GB and 40 GB models). The CPU
nodes feature a non-uniform memory access (NUMA) layout with four memory regions, each linked
to 12 cores. Unlike the pure OpenMP version, MPI allows multiple processes per CPU bound to spe-
cific NUMA nodes. The CPU tests include configurations with 1, 2, and 4 MPI processes per CPU (438,
24, and 12 threads per process, respectively). The scaling tests start from the same problem used for
the single-device benchmarks and scale up to the maximum number of devices available on the system,
keeping the problem size per device constant.

CPU tests with different numbers of processes per node showed minimal differences. For single
CPUs, using four processes per node provided negligible gains (<1%) due to intra-node communica-
tion overhead. For multi-CPU runs, increasing the number of processes per node raises network traffic,
offsetting any benefits. Scaling efficiency from one CPU remains above 80% up to 64 CPUs (~ 3k cores)
and drops to 66% at 512 CPUs (~24.5k cores), likely due to network topology requiring multiple switch
traversals.

GPU tests showed slightly better performance (~10%) for the 80 GB models compared to the
40 GB models, consistent with single-device benchmarks and attributable to higher memory band-
width. Scaling efficiency reaches 96% up to 16 GPUs. Each node hosts four GPUs, minimizing net-
work impact. CUDA-aware MPI ensures efficient intra-node communication at the level of NVIDIA
GPUDirect.

7. Extension to other PIC algorithms and architectures

The generalized parallelization algorithm presented here can also be applied to other PIC variants,
including those using spectral field solvers for improved dispersion properties, such as the PSTD solver.
One variant of particular relevance to plasma-based accelerator modeling is the so-called ‘quasi-3D’

9
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Figure 5. Simulation of a laser wakefield acceleration scenario using a cylindrical (z,7) geometry with azimuthal mode expan-
sion. The plot overlays the radial laser field (mode m = 1, green) on top of the charge density (mode m = 0, yellow). The bottom
half of the plot is a mirror image of the top half, separated by a dash-dot line.

geometry, which employs a cylindrical (z,7) grid combined with an azimuthal mode expansion [43,
44]. Figure 5 shows an example of a laser wakefield accelerator simulation modeled using this geometry
with two azimuthal modes (the minimum required for laser driven scenarios) combined with the paral-
lelization algorithm described in this work. The simulation was executed on a single NVIDIA A100 GPU,
achieving a performance of approximately 3.7 GPart s~!. Further details of this implementation will be
discussed elsewhere.

The algorithm has also been tested on AMD GPUs using HIP. Given the similarities between
AMD and NVIDIA architectures and programming models, we implemented a lightweight com-
patibility layer that maps general GPU-specific instructions to the appropriate backend, abstract-
ing hardware differences and enabling a unified code base for both CUDA and HIP. Additionally,
we developed a version based on SYCL for Intel GPU hardware. However, at the time of writing, we
did not have access to Intel GPUs for testing and were only able to validate the SYCL implementa-
tion on NVIDIA boards, where performance was approximately 22% lower than the native CUDA
version.

8. Overview and future work

Modern HPC systems are dominated by two main computing architectures—CPUs and GPUs—
which, despite their distinct histories, now share key characteristics such as massive parallelism

and hierarchical memory systems with multiple levels of speed and capacity. In this paper, we
demonstrated that a single generalized parallelization algorithm can achieve high efficiency on both
architectures, delivering top-level performance. Achieving this required implementing the algo-
rithm using native programming models tailored to each architecture, but porting between plat-
forms proved straightforward. Furthermore, the algorithm scales efficiently across multiple devices,
whether within a single node or across distributed nodes, enabling effective use of large-scale HPC
systems.

Ongoing work focuses on developing Python wrappers to enable interactive use and zero-copy inte-
gration into broader workflows, including Al-driven optimization studies. We are also extending this
platform to support additional PIC variants, particularly reduced models such as QuickPIC [45] and the
ponderomotive guiding center approximation [46]. Finally, we plan to explore alternative programming
models, such as Kokkos, to further enhance portability and maintain high performance across diverse
architectures.
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