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Abstract

Vector Particle-In-Cell (VPIC) is one of the fastest plasma simulation codes in
the world, with particle numbers ranging from one trillion on the first petascale
system, Roadrunner, to ten trillion particles on the more recent Blue Waters
supercomputer. As supercomputers continue to grow rapidly in size, so too does
the gap between computing capability and memory capability. Current mem-
ory systems limit VPIC simulations greatly as the maximum number of particles
that can be simulated directly depends on the available memory. In this study,
we present a suite of VPIC memory optimizations (i.e., particle weight, half-
precision, and fixed-point optimizations) that enable a significant increase in the
number of particles in VPIC simulations. We assess the optimizations’ impact
on memory and runtime performance for a suite of cutting-edge computer ar-
chitectures such has the NVIDIA V100 GPU, the IBM Power9, and the Fujitsu
AG64FX architectures. Our optimizations enable a 31.25% reduction in memory
usage and up to 40% increase in the number of particles. This paper extends
our work on developing particle storage format optimizations [1].

Key words: Memory and runtime performance, Mixed-precision, Fixed-point

numbers, Plasma physics, High performance computing.
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1. Introduction

Vector Particle-In-Cell (VPIC) [2] is a high-performance particle-in-cell (PIC)
code that models plasma phenomena such as magnetic reconnection, fusion, so-
lar weather, and laser-plasma interaction [3]. VPIC is one of the fastest PIC
codes in the world and has performed some of the largest plasma simulations in
history, ranging from one trillion particles on the first petascale system, Road-
runner [4], to ten trillion particle simulations on the more recent Blue Waters
supercomputer [5]. VPIC simulations use large numbers of particles (i.e., on
the order of trillions of particles [2]) to model real world phenomena. As we
move the VPIC code from CPUs to accelerators (i.e., GPUs), the number of
particles in VPIC simulations becomes limited more by memory than compute
capabilities; modern CPUs can access up to 4 TB of memory while GPUs (such
as Nvidia A100) are limited to 80 GB, a factor of 50 difference. Moreover, data
movement between CPUs and GPUs is costly, with PCIe 4.0 limited to 32GB/s
in one direction. Specialized protocols and hardware have been developed to
help address the issue; NVLink 3.0 achieves up to 300 GB/s in one direction [6].
Hardware and software techniques for maximizing communication efficiency are
a major ongoing field of research [7]. Running VPIC on modern supercomputers
requires rethinking how the code effectively uses memory to scale up the num-
ber of particles on limited-memory accelerators. In this paper we study how to
minimize memory usage while maintaining an acceptable level of accuracy, max-
imizing performance, and remaining portable across modern architectures? To
this end, we develop a suite of optimizations for VPIC’s particle storage format
(i.e., particle weight, half-precision position, and fixed-point position optimiza-
tions) to mitigate the memory usage problem. We examine the performance
and accuracy of our optimizations on a set of state-of-the-art architectures such
as the NVIDIA V100 GPU, the IBM Power9, and the Fujitsu A64FX architec-
tures. Our new particle representation reduces particle memory usage by up to
31.25%. We demonstrate that our optimizations enable significantly larger sim-

ulations, improve runtime performance of memory bandwidth bound kernels,
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and produce accurate scientific results.

The contributions of this paper are as follow:

e We develop a set of optimizations that significantly reduce memory usage

in VPIC using reduced precision storage.

e We present a detailed memory usage and runtime performance analysis of

our optimizations on modern CPU and GPU architectures.

e We show that our optimizations enable significant runtime performance
improvements when interacting with slow tiers of memory such as swap

memory.

e We highlight how hardware differences affect the performance of our op-

timizations.

e We demonstrate that our optimizations can maintain scientific accuracy

while enabling larger simulations.

The rest of the paper is organized as follows: Section 2 introduces VPIC’s
particle representation and workflow; Section 3 describes our method to increase
particle count by reducing memory usage; Section 4 explains how our optimiza-
tions are integrated into VPIC; Section 5 presents our performance analysis;
Section 6 presents our accuracy analysis; Section 7 provides an overview of
existing plasma simulation codes and portability frameworks; and Section 8

summarizes the key results and introduces future work.

2. VPIC Particles and Workflow

VPIC is a high-performance implementation of the particle-in-cell method
used for plasma simulations [8]. VPIC operates by defining a simulation space
divided into a grid of cells and modeling particle movement across the cells. In
other words, particles are distributed across an n-dimensional (n-D) space that
is decomposed into an n-D grid. The resolution of the grid determines cell size

and the maximum time step length. Figure 1a shows an example of a 2-D grid.



Each simulated particle is a macroparticle (Figure 1b) with a defined weight
(i.e., the number of real particles represented by each macroparticle).

The grid resolution and the number of particles both affect simulation accu-
racy and computational costs. Fine resolution grids better approximate a con-
tinuous n-D space. However, such fine resolution grids increase computational
costs due to field operations, and the time step size must shrink accordingly to
ensure numerical stability. Thus the number of time steps increases for the same
period of simulated time, which further increases computational costs. Increas-
ing the number of particles can also improve accuracy by more closely modeling
real world plasma phenomena. High particle count primarily affects the parti-
cle advance stage with computational costs scaling linearly with the number of
particles. In typical PIC simulations, the cell size is close to the Debye length
Ap = \/m, where T is the electron temperature, kp is Boltzmann’s
constant, n. is the electron number density, and e is the electronic charge; the
Debye length is the characteristic screening length in a plasma, generally the
smallest physical length scale of interest. The time step is set as large as pos-
sible since the spatial constraint is often more strict and for applications such
as laser-plasma interaction, the dispersion properties of electromagnetic modes
are more accurately captured with a larger time step.

A VPIC simulation is an iterative process across a defined number of time
steps: each iteration has four key stages (as shown in Figure 1c). First, the
electric and magnetic fields are gathered from the grid points to each particle’s
location (interpolate fields). Second, particles move around based on the forces
calculated from the electric and magnetic fields (advance particles). Third,
the current generated by the particles” movements is calculated for each cell
(accumulate currents). Last, electric and magnetic fields are advanced based
on the accumulated current (advance EM fields), and the next iteration starts.
For large, particle-heavy simulations, the first three stages take most of the
simulation time, as each of these stages must operate on all the particles. In
the last stage, VPIC advances the electric and magnetic fields at each grid

point. The field advance stage is cheaper compared with the other stages since
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the number of particles tends to greatly outnumber the number of grid points.
Furthermore, past I/O studies using VPIC noted that particles are responsible
for the vast majority of memory usage. The trillion particle run in [9] required
only 80 GB of storage for the electric and magnetic fields compared with the
approximately 30 TB necessary for the particles. Both fields and particles scale
with the grid size but particles tend to have a much higher constant factor. The
375-fold difference in memory requirement demonstrates that particle storage is

a bottleneck for large scale VPIC simulations.

/grid
° o
o'. . :
ot .::: : :‘:/par(icles
(a) Grid and particles (b) Macroparticle
Interpolate
I ' fields l
Advance Advance
. 4= Start/End
EM fields particles /
Accumulate
currents

(c) VPIC iterative algorithm

Figure 1: VPIC features: grid and particles (a); concept of macroparticle (b); and VPIC
stages (c).

The particle position can be stored in two different ways based on the coordi-
nate system: globally and locally. Global coordinates of particles are calculated
and stored based on their absolute position in the n-D space. In Figure 2a the
global positions of the particles are depicted in a 2-D space as (dz, dy). Alter-
natively, particle positions can be stored in local coordinates with each particle

storing its cell index and position within the cell. In Figure 2b), each particle

t
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position in the 2-D space is defined as (i* H,+dx, j* H,+dy), where (4, j) is the
cell index, (H,, Hy) is the cell size, and (dz, dy) is the local position of the parti-
cle. This representation requires extra space for the cell index but allows VPIC
to represent each particle position more accurately. This is because the distri-
bution of floating-point values follows an almost logarithmic distribution [10].
Values further away from zero are less precise, and approximately half of all
floating-point values exist in [—1,1]. Thus, local coordinates within the smaller
cell have a more even and dense distribution of values to represent a particle
position. The original VPIC code uses local coordinates and single-precision for

storing particle positions.

[
o O o ° °
dx o dx
.. _».
Ly4| @ ® ° °
y © dy| @
[ ] Hy Y
_—1 T
Lx Hx
(a) (dz, dy) (b) (i * Hx + dx, j * Hy + dy)

Figure 2: Global and local particle coordinates.

3. Increase Particle Count by Reducing Memory Usage

In VPIC simulations, the larger the number of particles, the more physically
accurate the simulations and the greater the memory usage. Each particle is
a macroparticle of 32 bytes (as shown in Figure 3a) that comprises 3 floats for
position, 3 floats for momentum, 1 integer for the cell index, and 1 float for
weight. There is a major difference in terms of memory usage size between
particle data and all the other data used in the code. Such a difference is
independent from the simulated particle system and grid dimensions. Figure 3b
shows an example of the difference in size between particle data and the other

code data for a VPIC simulation of 512 particles per cell: the particles are
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responsible for over 90% of the total memory usage. Larger VPIC simulations
have thousands (or more) of particles per grid cell [2], making particles the
primary focus when it is time to optimize memory usage. For instance, the
simulations described in [11], which study laser-plasma interactions, have up to
65, 536 particles per grid cell.
struct particle {
float w; // Weight
float dx, dy, dz; // Position
int i; // Cell index
float ux, uy, uz; // Momentum
};
(a) Original VPIC particle data structure for a 3D simulation.

6.3
p.30-2

0.9

. Fields
|:’ Other

(b) Breakdown of memory usage for a simulation using 512 particles per cell.

3.1. Types of Optimizations

Our suite of optimizations reduce memory usage associated with particles’
weight and position through reduced precision (i.e., half-precision) and alterna-
tive number representation formats (i.e., fixed-point). Accuracy is maintained
by leveraging simulation properties and characteristics of the particle-in-cell
method.

Table 1 describes the various types of precision formats for floating-point

numbers supported by existing architectures. The original VPIC code uses
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single-precision by default (i.e., float), as shown in Figure 3a. The three candi-
dates for reduced storage formats are FP16, TensorFloat [12], and Bfloat16 [13].
Compared to FP16, TensorFloat requires more storage (19 bits), and Bfloat16

loses precision (decimal digits). Thus we use FP16 for our optimizations.

Precision Sign | Exponent | Fraction | Decimal Digits
Double (FP64) 1 11 52 ~ 15.9
Single (FP32) 1 8 23 ~ T2
Half (FP16) 1 5 10 ~ 3.3
TensorFloat 1 8 10 ~ 3.3
Bfloat16 1 8 7 ~ 24

Table 1: Floating-point formats with their numerical representations.

3.2. Particle Weight

In VPIC, the macroparticle’s weight is the number of real particles rep-
resented by the simulated particle. The particle weight does not change af-
ter a particle is initialized (VPIC currently does not have any particle merg-
ing/splitting scheme), though the weights can vary within a limited range to
represent different plasma densities within a single simulation. We use this
property to optimize memory usage by adjusting how weight is stored.

When the particle weight varies but has a limited range of values, we can
replace the single-precision weight with a 16-bit integer denoting a multiple of
a known base weight. Alternatively, the 16-bit integer can be an index for a
lookup table of particle weights. Both methods allow 65,536 different weights
while reducing particle memory by 6.25%. We call this optimization short weight
(SW).

When the particle weight is constant for all particles of the same species
throughout a simulation, particle weight can be removed entirely and replaced
with a per species constant weight. This solution reduces memory usage by

12.5% over original VPIC. We call this optimization constant weight (CW).



160

165

170

175

Figure 4 shows the reduction in memory usage for both optimizations.

dx
dy
dz
ux
uy
uz

Single Precision Short Weight Constant
Position sw Weight CW

Figure 4: Particle memory usage for default single-precision VPIC and VPIC with our short
weight (SW) and constant weight (CW) optimizations.

3.3. Particle Position

The position of a particle in the original VPIC code is represented by three
float values in single-precision (32 bits). We optimize the code by switching the
representation to half-precision (16 bits). Figure 5 shows that by deploying half-
precision we can reduce memory usage by 18.75% compared to the original VPIC
and 31.25% when combined with the constant weight optimization (or CW).
For a fine resolution grid, half-precision can produce simulations of sufficient

accuracy while enabling larger simulations, as we will show in Section 5.

3.4. From Half-Precision to Fized-Point

Half-precision particle position may incur an accuracy penalty in comparison
to the default single-precision. Particle positions in each cell in VPIC using local
particle coordinates are normalized to [-1,1], and thus we can use 16-bit fixed-
point numbers instead of half-precision to minimize the loss in accuracy [14].
Fixed-point numbers allow us to maximize the number of bits used for precision.
The fixed-point @m.n format specifies m bits for the integer and n bits for the
fractional portion. We use the Q1.14 fixed-point format for storing position.
One bit is for the sign, one bit for the integer portion, and the remaining 14 bits

for the fractional portion. The @1.14 format uses the same amount of memory as
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Single Precision Half Precision Half Precision
Position Position (HP)  Position (HP + CW)

Figure 5: Particle memory usage comparison between original VPIC, VPIC with our half-
precision (HP) optimization, and VPIC with both half-precision and constant weight opti-
mizations applied (HP+CW).

half-precision but has an additional four bits (approximately one decimal digit)
for improving accuracy. Our implementation of 1.14 uses a short integer for
storage. Conversion of (J1.14 to single-precision is done by converting the value
from integer to floating-point and multiplying by a constant factor. Single-
precision to Q1.14 conversions are similar but with a different constant. The
performance impact from using (1.14 is relatively small since we only use it as

a storage type.

3.5. Particle Momentum and Cell Index

Particle momentum and cell index are represented by three single-precision
floats and a 32-bit integer respectively. Momentum is left unchanged in this
work. Momentum values are normalized to the speed of light (such that mo-
mentum unity indicates kinetic energy equivalent to the particle’s rest mass).
Initial tests indicate that switching the momentum values from single-precision
to half-precision would result in insufficient accuracy. Particle cell index deter-
mines which cell the particle resides in and is kept at the default 32-bit integer.

A short 16-bit integer has insufficient range for large-scale simulations.

10
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4. Integration in VPIC

We integrate the optimizations into a portable version of the VPIC code.
The increasing heterogeneity of emerging exascale platforms makes it no longer
practical to optimize the VPIC code for every available compute platform. The
VPIC code was initially built to minimize data movement and maximize per-
formance; given a new HPC platform, the ad hoc re-engineering of the code had
guaranteed the continuation of performance.

We implemented a multi-architectural VPIC code that provides portabil-
ity and performance across exascale platforms [15]. Our code is architecture-
agnostic, it allows usage of native hardware focused APIs and libraries, and
it leverages efforts of hardware vendors and library developers into optimizing
common operations and function calls. In [15], we showed how our portable code
mitigates the loss in performance due to differences in parallelism approaches
among hardware platforms. To create our multi-architectural VPIC code while
reducing long-term maintenance, we used the template-based library approach
Kokkos [16]. Template-based library methods are particularly powerful because
they can reduce the amount of code needed to support multi-architectural codes.
Furthermore, frameworks like Kokkos can make architectural code-branching
decisions at compile time while minimizing the architecture-dependent code re-
quired by the application developers.

Our optimizations replace the existing particle data structure with our own
custom data structure. Access to particle data is handled by explicit get and set
methods. The custom data structure uses template programming to determine
the internal storage type for particle weight and position. We use template
specialization to implement necessary logic for non-standard formats like half-
precision and fixed-point. Half-precision support varies among hardware archi-
tectures. In this work, we use half-precision for storage and single-precision
for computation. Processors that support half-precision natively (i.e., NVIDIA
V100) require no extra logic. Other processors (i.e., Power9) support half-

precision but only using explicit vector intrinsics. For these processors we use

11
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template specialization to convert between half-precision and single-precision.
We also use template specialization for supporting fixed-point. A 16-bit short
integer is used for internal fixed-point storage. The get and set methods han-
dle conversions to and from single-precision. We adjust VPIC to use our data
structure’s get and set methods. Compile time flags are added to enable and dis-
able optimizations. The template specializations and compile time flags enable
portability and simplify adding support for future hardware. Our optimizations
provide several options for the user to control the trade-offs between memory
usage, accuracy, and performance. A single solution would result in portabil-
ity and generality compromises. Users can select the optimal solution for their

particular combination of simulation and hardware.

5. Performance Analysis

We analyze VPIC performance with different sets of our optimizations ap-

plied. Optimization sets used in this paper are listed in Table 2.

Optimization set Weight Position
VPIC single-precision | single-precision
VPIC+SW short integer | single-precision
VPIC+CW constant single-precision
VPIC+CW+HP constant half-precision
VPIC+CW+FP constant fixed-point

Table 2: Combinations of particle format optimizations used in this paper.

We run simulations modeling a laser-plasma interaction and measure mem-
ory usage and runtime performance of the original VPIC versus our optimized
versions for a diverse set of hardware architectures (i.e., V100, Power9, and

A64FX). All the tests are conducted using a single, portable version of VPIC [15].

12
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5.1. Platform Settings

We run our tests on a single NVIDIA GPU V100 and on a single node of a
CPU-based cluster with IBM Power9 and Fujitsu A64FX architectures. The use
of a single node removes overheads in our measurements associated to network
resources. Platforms are sorted chronologically based on the year of release.

The NVIDIA GPU V100 (2017) experiments are executed on a single GPU
with 16 GB of HBM2 hosted on the IBM Powe9 system described below. Ex-
periments use CUDA 10.2, GCC 8.4.1, OpenMPIT 4.0.4, and Kokkos 3.1.1.

The IBM Power9 (2017) experiments are executed on the Tellico high-end
cluster at the University of Tennessee Knoxville. Tellico is an IBM Power Sys-
tems AC922 hybrid architecture system comprised of 4 nodes, each with two
16-core IBM Power9 processors running at 2.3-3.8 GHz with 155 GB of RAM.
Two of the nodes host two V100 GPUs. Experiments use GCC 8.4.1, OpenMPI
4.0.4, and Kokkos 3.1.1.

The Fujitsu A64FX (2020) experiments are executed on the Ookami cluster
at Stony Brook University. Ookami is an HPE Apollo 80 system with 174 nodes.
Each node contains a 48-core Fujitsu A64FX Arm processor [17] with 32 GB
of HBM2 and a 512 GB SSD. Nodes are connected in a 2-level tree using non-
blocking HDR-200. Experiments use GCC 11.1.0, OpenMP 4.1.1, and Kokkos
3.4.1.

5.2. Performance on GPUs

For measuring peak memory usage and runtime performance on GPU, we
use four problem sizes designed to use the GPU’s full 16 GB memory capacity.
Problem size is determined by the total number of particles per cell. The base
case comprises of 512 particles per cell and it fills the 16 GB DRAM when using
the original single-precision VPIC. The remaining three cases (i.e., 544, 576,
and 720 particles per cell) increase in size until only our optimized versions can
successfully run.

Peak memory usage is measured using the Space Time Stack tool provided

by the Kokkos Tools profiling utilities [16]. The tool tracks Kokkos allocations

13
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and the maximum memory usage on the GPU. Runtime tests are repeated 10
times and the average runtime is used to compare configurations; the standard

deviation is also to computed.

16
g 1 —— System Memory
=, B VPIC
Q
S BN VPIC4+SW
S s s \VPIC+CW
g 6 EEE \VPIC+CW-+HP
g 4 =z VPIC+CW+FP
S >

0

512 544 576 720
Number of particles per cell

(a) V100’s peak memory usage in GB of original VPIC and VPIC with our optimizations.

30 mm VPIC
— 10 O VPIC+SW
)
p wEE \VPIC+CW
£ 0 mEm \/PIC+CW+HP
< 2 ¥ \VPIC+CW+FP
o

10

0

512 544 576 720
Number of particles per cell

(b) V100’s runtime in seconds of original VPIC and VPIC with our optimizations.

Figure 6: V100’s peak memory usage in GB (a) and runtime in seconds (b) of original VPIC

and VPIC with our optimizations.

Figure 6(a) shows the scalability for the original VPIC code and when using
our four optimizations (i.e., with short particle weight (SW), with constant
particle weight (CW), using half-precision particle position (HP), and using
fixed-point particle position (FP)). Missing columns indicate failed simulations

that crash due to insufficient memory. We control problem size by adjusting the

14
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number of particles per cell (Nppc). The grid resolution and number of time
steps are kept constant. Our optimizations demonstrate a significant reduction
in memory usage, as shown in Figure 6(a). The optimizations to particle position
(HP and FP) provide the greatest reduction in memory usage; when combined
with constant weight (CW), they can increase the total number of particles by
a factor of up to 40%.

Figure 6(b) demonstrates that our optimizations have minimal effect on
runtime performance. Specifically, no negative effect is observed on runtime
performance; in fact runtime can improve thanks to the hardware needing to
move less data through its memory system and between processors. In other
words, the optimized VPIC minimizes the amount of data movement between
CPU and GPU. This results in a relatively small improvement in performance
that largely cancels out the additional overhead from converting data between
different formats when entering and exiting the advance particle stage (i.e., from
single-precision to half-precision and vice versa, from floating-point to fixed-
point and vice versa) where the optimizations are deployed. Our results show
that VPIC+CW+HP and VPIC+CW+FEFP perform similarly despite (1.14 not
being a natively supported format like half-precision. This indicates that the

fixed-point optimization has very low overhead on the GPU.

5.8. Performance on CPUs

For measuring peak memory usage and runtime performance on CPU-based
platforms (i.e., Power9 and A64FX), we select the number of particles to stress
the memory capabilities of the targeted architecture. We increase the problem
size until only our most heavily optimized versions of VPIC (i.e., VPIC+CW+HP
and VPIC+CW+FP) can run the simulation. For each architecture, we mea-
sure the peak memory usage with the Memory High Water Mark tool provided
by the Kokkos Tools profiling utilities [16]. This tool measures the peak mem-
ory usage by each process. In addition to the peak memory capacity stress
test, we run two tests to investigate memory bandwidth constrained scenar-

ios. On a mature and broadly used HPC architecture such as Power9, we push

15
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the memory bottleneck and simulation size even further by using swapping,
comparing runtime with swapping disabled and enabled. For both test config-
urations, we zoom into the VPIC kernels and identify those responsible for any
performance losses or improvements with swapping disabled and enabled. On a
cutting-edge architecture such as A64FX, we study how our optimizations im-
prove runtime performance in memory bandwidth limited kernels by comparing
a non-vectorized version of VPIC with a vectorized version.

Tests on Power9. A method for running large simulations on memory
limited hardware is to leverage high capacity storage devices to expand the
available main memory with swapping. Swapping data from main memory to
secondary memory allows for much larger available memory at the cost of access
latency and memory bandwidth. Our tests study the benefits of our particle
optimizations for mitigating the drawbacks of interacting with slower memory
hardware such as secondary memory. We run memory capacity stressing tests
on the Power9 architecture, without and with swapping, to quantify our opti-
mizations’ impact on performance.

Figure 7 shows the peak memory usage of VPIC with our optimizations on
a single Power9 node. The system is set to allow swapping and thus, if the
memory usage exceeds the main memory limit (i.e., the back bar at 155 GB
in the figure), then the test uses swapping to complete the simulation. In the
figure we observe runs whose execution progressively exceed the memory limit:
the original VPIC runs out of main memory already with 3040 particles per
cell; VPIC+SW runs out with 3184 particles per cell; and VPIC+CW runs
out with 3592 particles per cell. Optimizations such as VPIC+CW+HP and
VPIC+CW+FEP are able to keep in check swapping in and out of main memory
for the largest number of particles, far beyond 3592 particles per cell, resulting
in up to 22% increase in the number of particles per simulation compared to
the original VPIC.

Figure 8(a) shows the results of our memory stressing tests without swap-
ping. As with the GPU memory stressing tests, we gradually increase the prob-
lem size until only our most optimized version of VPIC (i.e., VPIC+CW-+HP

16
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Figure 7: Power9’s peak memory usage in GB of VPIC and VPIC with our optimizations.
Simulations exceeding the system memory limit (black line) require swapping to successfully

complete.

and VPIC+CW+FP) can run. We further increase the problem size to 4,096
particles per cell. This problem requires swap memory even with our best
optimizations and thus fails to complete. The use of swapping, while support-
ing larger and larger simulations independently from the types of optimiza-
tion used, also introduces substantial losses in runtime performance. A no-
table change from the GPU results is that VPIC+CW+FP consistently beats
VPIC+CW+HP in runtime performance. Unlike the V100 GPU, Power9 only
supports conversions between half-precision and single-precision using vector
intrinsics. The additional overhead from using vector registers results in the
small slowdown compared to using fixed-point. Runtime performance shown in
Figure 8(b) presents the results of the same tests but with swapping enabled.
The runtime and standard deviation are much higher when swapping from main
memory to secondary memory is necessary. In other words, while swapping pre-
vents the early termination of the simulations, it also results in longer and more
variable runtime performance (the black bars in the figure). The runtime tests
indicates that the VPIC+CW+HP and VPIC+CW+FP optimizations without

swapping enable an approximately 15% reduction in runtime compared to no
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Figure 8: Power9’s runtime and standard deviation of VPIC using our optimizations and

running on a single node with swap disabled (a) and enabled (b).

optimizations. With swapping, our optimizations further reduce runtime by up
to 45% compared with the original VPIC for the largest problem size. These
improvements demonstrate the potential savings when interacting with slower
storage hardware such as during checkpoints or when saving simulation data to
disk for visualization and analysis.

To better understand the VPIC kernels that slow down due to swapping,
we breakdown the runtimes for the two settings (without and with swapping)

in Figure 9a and Figure 9b respectively. We consider eight key kernels and
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gather the remaining kernels under the same tag. The eight kernels are: user
initialization for setting up the simulation data, uncenter particles for the sanity
check of the particle advance; sort particles for improving the performance of
particle related kernels; dump energy for calculating and outputting the energy
of the system at every time step; accumulate rho for adding the charge density
of the particles to the fields charge density; particle data movement for moving
particles among the Kokkos device/host and legacy data structures at the ini-
tialization and communication between parallel processes; and advance particles
for updating particle positions during the simulation. A production simulation’s
runtime would have a much smaller portion in the user initialization and dump
energies kernels than these tests, which were artificially short and dumped the
energies every time step.

The two figures reveal several interesting characteristics of the two sets of
tests. When swapping is not enabled, simulations spend most of the time (more
than 90%) advancing the particles (as also described in Section 2). When swap-
ping is enabled and used by the simulation to successfully complete, several ker-
nels experience a substantial degradation in performance. The detailed break-
down shows that the kernels responsible for simulation initialization suffer the
most significant performance degradation. Among those kernels, particle data
movement in particular suffers for the larger problems. Particle data movement
is negligible in Figure 9a whereas it becomes the most expensive kernel in Fig-
ure 9b. Other memory bandwidth bound kernels such as particle sorting and
dump energies behave as expected where performance degrades significantly due
to swapping. Those parts of the simulations in Figure lc such as interpolate
fields, accumulate currents, and advance EM fields that do not perform major
computations but read and write particles, are suddenly heavily penalized by
the lack of memory capacity and the consequences of data movement from and
to secondary memory. On the other hand, the particle advance kernel, which
was the key kernel in tests not leveraging swapping and is normally the most
expensive kernel within the time stepping loop, is practically unaffected by the

use of swapping.
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Figure 9: Power9’s detailed runtime breakdown of key particle focused kernels using the

optimized version of VPIC without (a) and with (b) additional swapping functionalities. Re-

maining kernels are collected under the Other category.

Tests on A64FX. The Fujitsu A64FX is a cutting-edge, emerging architec-

ture that is still partially unveiled in its functionalities; it has 32 GB of HBM2

and 1 TB/s memory bandwidth. Its small but fast memory makes the AG4FX

an interesting platform to study the effects of our particle optimizations. Mem-

ory bandwidth is very important for VPIC. VPIC solves Maxwell’s equations
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using the finite-difference time-domain (FDTD) method with a staggered Yee
grid[15]. The Boris pusher method for advancing particle positions is mem-
ory bandwidth bound on many systems. We use a similar methodology as for
Power9 to study the performance of VPIC on this cutting-edge architecture,
and we observe similar patterns in the memory usage.

On this architecture we study the impact of vectorization on the perfor-
mance. We identified the advance particles kernel as the most expensive in
VPIC and vectorized the kernel with OpenMP SIMD. In addition, optimiza-
tion flags were adjusted to help vectorize the code. We verified that most of
the kernel was vectorized by examining the produced assembly. Figures 10(a)
and (b) show the runtime in seconds for our optimizations without and with
vectrorization. For our tests, we progressively increase the number of particles
to stress the memory usage. Specifically, for our five optimizations we consider
512, 696, 720, 748, and 880 particles per cell.

Figure 10(a) reveals several interesting characteristics of VPIC on the A64FX.
Our optimizations with disabled vectorization improve performance across all
tests with a consistent speedup pattern: given a particle size and as we move
from the original VPIC to the VPIC+CW+HP, the runtime decreases, and for
VPIC+CW+FP the runtime slightly increases compared to VPIC+CW+HP
but remains faster than the other configurations. This patterns suggest that
our optimizations reduce data movement and therefore improve memory band-
width utilization. As the problem size increases, the runtime increases roughly
linearly with the number of particles. Compared with the V100 and Power9,
A64FX exhibits high runtime and poor performance indicating that we are not
yet leveraging the full potential of this architecture and its high memory band-
width. As in the previous tests, missing runtime measurements are due to the
main memory saturating and the consequent unsuccessful completion of the
simulations.

Figure 10(b) shows the same series of tests as Figure 10(a) with vectoriza-
tion enabled. The A64FX uses 512 bit wide SIMD vectorization for most of

its computational power. To better utilize the A64FX we implement additional
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vectorization optimizations for the advance particles kernel. The vectorization
improvements cut the runtime down by up to 47% compared to the measure-
ments in Figure 10(a). We also see that the overhead for the fixed-point opti-
mization is greater than the half-precision overhead. The exact cause for the
performance difference is unclear. Like the V100, the A64FX supports half-
precision without vector intrinsics. The performance difference is likely due to

architecture differences compared to the V100 and Power9.
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Figure 10: A64FX’s runtime and standard deviation of VPIC using our optimizations and

running on a single node with vectorization disabled (a) and enabled (b).

To isolate how the vectorization improves performance by such a high rate
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w  we break down the execution times into the major kernels similarly as in the
tests with the Power9 architecture. Figure 1la shows the kernel runtimes for
the non vectorized code and Figure 11b for the vectorized code. Unsurprisingly
our permanence gain is due to the advance particles kernel (blue bars in the fig-
ures) that we have further optimized for this test. Furthermore, the two figures

ws  confirm that speedup patterns observed for Power9 — once again by reducing
the data representation in VPIC, we reduce the data movement from and to the
main memory and ultimately we gain in permanence for our fastest optimiza-
tions (i.e., VPIC+CW+HP). As the potentials embedded into the features of

the AG4FX are revealed, we expect that our performance can further improve.
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Figure 11: A64FX’s detailed runtime breakdown of key particle focused kernels using the

optimized version of VPIC without (a) and with (b) vectorization. Remaining kernels are

collected under the Other category.

6. Accuracy Analysis

Measuring VPIC accuracy is difficult due to the lack of rigorous error quan-

tification for the PIC method.

We measure numerical accuracy by testing three different benchmark prob-

lems. In each test, we compare the original single-precision VPIC against VPIC
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with our half-precision and 16-bit fixed-point optimizations. The first bench-
mark problem is a simple 1-D problem with periodic boundary conditions and
an arbitrary number of particles IV,,. Each particle has a constant weight Nip

and an initial momentum of Vy = 0. The initial potential and electric field are

given by
z(l—mz), 0<z<u;
¢i(z) =
zi(l—x), z;<z<l
22— S 0o
o) = =5, o) =D _dil@)uwi+ dula), B(x)==5-
i=1

This test has an analytical solution for particle position described by

1 N,+1 . 1 N,+1 .
wi:ﬁp {(Zk:xm)— p2 +z:|—N |:Z(‘Tk0_mi0)— p2 + 14| cos(t)

P k

Using the analytical solution we can track errors in an individual particle’s

position over time. For simplicity, we set the number of particles to two.
Table 3 describes the relative memory usage, and accuracy for each particle

position representation. The 16-bit fixed-point setting guarantees an additional

decimal digit of precision compared to 16-bit floating point.

Format Space reduction (# times) | Accuracy (Digits)
32-bit floating-point 1.00x 7.225
16-bit floating-point 0.81x 3.311
16-bit fixed-point 0.81x 4.515

Table 3: Relative memory usage, run-times, and accuracy for each potential particle position

representation.

This two-particle test problem can demonstrate the effects of our optimiza-
tions combined with grid resolution on particle position accuracy. Relative po-
sition error is tracked across 1,000,000 time steps with two different grid resolu-
tions (i.e., 10,000 and 6,000 cells). The accuracy results for the two resolutions
are shown in Figure 12a and Figure 12b respectively. Both the 16-bit floating-
point and the 16-bit fixed-point formats trade storage space for precision as

shown theoretically in Table 3: 16-bit floating-point maintains 3.311 decimal
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digits of precision while 16-bit fixed-point maintains 4.515 digits, a significant
drop from the 7.225 digits for 32-bit floating-point. Figure 12a demonstrates
that a sufficiently high resolution grid can make the difference in position preci-
sion immaterial, since the bits available are used to describe a smaller physical
offset from the closer together grid points.

It is important to note that grid resolution, time step length, and simulation
length are directly related. High resolution grids cause the time step length to
shorten, which in turn causes the number of time steps and the overall runtime
to increase for a fixed simulation length. As a result, most simulations keep
grid resolution as coarse as possible to minimize the number of simulated time
steps. Striking a balance between grid resolution and accuracy is important.
Figure 12b shows the same test with a lower resolution grid (i.e., 6,000). The
effect of grid resolution on accuracy is clearly shown by the 16-bit floating-point
format failing to maintain sub 10% relative error in this test. The fixed-point
format has a notable increase in accuracy over half-precision and is comparable
to the 32-bit single-precision floating-point; both 16-bit fixed-point and 32-bit
floating-point achieve sub 10% relative error throughout the test. Our results
indicate that 16-bit fixed-point not only enables larger simulations than 32-bit
single-precision but also improves accuracy over half-precision.

The second benchmark problem models the two-stream instability, which
is an electrostatic instability commonly seen in plasma physics. Two counter
streaming electron beams move in a stationary ion background [18]. The streams
are vulnerable to electrostatic perturbations that result in charge bunching be-
havior [19]. The simulation is based on the two-stream instability deck described
in [20]. The two-stream test focuses on verifying the conservation of momentum.
In Figure 13a, we observe how the different position representations affect con-
servation of momentum. The two-stream instability is in 1D With 4,096 cells
and the total momentum of the system is 0. Half-precision fails to conserve
momentum adequately while fixed-point performs similarly to single-precision.
Increasing the number of cells would allow half-precision to conserve momen-

tum at a similar degree to single-precision at the cost of decreasing the time
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simulated per step.

The third benchmark problem simulates the Weibel instability [21], of which
the two-stream instability is a special case. Similar to the two-stream instability,
the Weibel instability can arise from counter streaming beams. Unlike the
two-stream instability, the Weibel instability has electromagnetic perturbations
that result in elongated structures in the plasma (filamentation). The process
converts the kinetic energy of the particle beams into magnetic field energy [22].
The purpose of this test is to verify that energy is conserved with the particle
format optimizations applied. Figure 13b clearly shows that total energy is
conserved very well with less than 0.1% relative error across 10 million time steps
for the Weibel instability. The curves for single-precision, half-precision, and
fixed-point are tightly grouped together. Thus with our optimizations applied,
conservation of energy is upheld with minimal variation compared to original

VPIC.

28



le-6

=
S

—— 32-bit floating point
---- 16-bit fixed point
------- 16-bit floating point

=
]
)

|y
o
!

o
[
!

o
o
f

o
IS

o
N}
X

Total momentum (arbitrary units)

o
o
o

10000 20000 30000 40000 50000

Time steps
(a) Two-stream instability.
Total energy
- 0.00107 32-bit floating point
2 —— 16-bit fixed point
@ 0.0008 - . . .
g ---- 16-hit floating point
=
EO.OOOG-
5
5 0.0004
-
a
S 0.0002 {
o
0.0000~>~——"F"—"—"————————
0 1 2 3 4 5 6 7 8 9 10

Time steps (x10°)
(b) Weibel instability.
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7. Related Work

Current state-of-the-art plasma simulation codes include VPIC, OSIRIS [23],
WarpX [24], and PIConGPU [25]. These codes have all been used to run plasma
simulations with approximately 10 trillion particles at the largest scale [5], [26], [27].
Both WarpX and PIConGPU use a similar particle representation format as
VPIC. All three codes use single-precision for performance reasons. To the
best of our knowledge, no other particle-in-cell code has investigated the use of
half-precision or fixed-point representation for optimizing particle format.

The use of the Kokkos framework allows us to perform the performance study
of the same optimised VPIC code versions for the different architectures. While
Kokkos represents a fairly modern approach to code portability, it has already
established itself as a key technology in the race for performance portability,
and has successfully helped a variety of applications run on multiple large-
scale platforms. These target applications span science domains including finite
element analysis [28], computational fluid dynamics [29], and even deep neural
networks [30]. Of particular note is previous work by the molecular dynamics
community to leverage Kokkos for performance portability [31-33]. Molecular
dynamics is an important workload for Sandia National Laboratory, the creators
of Kokkos; and is also the best explored workload that shares computational
similarities with the PIC method. Both methods are particle dominated, and
rely on the fast processing of large amounts of particles to simulate the kinetic
level behavior of a large system. It is important to note, however, that Kokkos is
not the only project which seeks to address issues of performance-portable code
development. These tools can be split into two types: high-level frameworks
(such as Kokkos, RAJA [34], or HPX [35]) and lower-level tools for which code
can be generated (such as OpenMP, SYCL, or HIP). A comparison of these
technologies has already been the subject of previous studies [36, 37]. Our
selection of Kokkos to support VPIC’s portability is based on the fact that
Kokkos allows for high-level programmability while still offering good low-level

performance.
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8. Conclusions and Future Work

This paper demonstrates how the combination of constant weight and lower-
precision position in the VPIC code reduces memory usage by up to 31.25% and
enables up to 40% increase in the number of particles using the same amount
of memory for particle-heavy simulations. The optimizations improve runtime
performance by reducing the amount of data movement, which compensates
for any additional operations introduced. Unlike other work in mixed-precision
algorithms, our optimizations use reduced precision for storage rather than ac-
celerating computation. We present memory and runtime performance analysis
across a set of modern architectures such as the V100 GPU and Power9 CPU as
well as on the cutting-edge A64FX CPU. The optimizations drastically improve
performance when interacting with slower memory or storage devices such as
swap memory. Our optimizations are shown to improve runtime performance
by reducing data movement to and from main memory. We also show that our
optimizations not only greatly increase simulation scale on memory constrained
hardware, but can also achieve similar accuracy as the original single-precision
VPIC. The fixed-point optimizations, in particular, show great promise thanks
to the higher precision compared to half-precision. The higher precision can
allow for lower grid resolutions which ultimately decreases the number of time
steps in the simulation. It is important to note that our optimizations may
require changes to simulation parameters, namely the grid resolution. A grid
resolution that produces accurate results for single-precision VPIC may not be
accurate enough with half-precision or fixed-point. Such simulations may need
to be adjusted to fully benefit from our optimizations.

Future work includes studying the algorithmic changes necessary to enable
lower precision storage for particle momentum and the impact of these changes
on both scalability and accuracy. We also plan to develop heuristics and method-
ologies to help physicists use our suite of optimizations. Adjustments to sim-
ulation parameters (e.g., grid resolution, step size and number of steps) are

necessary to maintain accuracy. Different classes of plasma simulations need
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to be studied to better understand which classes benefit from our optimiza-
tions the most and what changes to simulation settings are required to use our

optimizations.
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Half-precision and fixed-point storage optimizations enable larger PIC simulations

Grid resolution mitigates accuracy loss from using lower precision particle storage
Cutting-edge CPU and GPU architectures enable high performance

Data structure format optimizations reduce data movement and improve performance
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