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Modern HPC systems are increasingly relying on greater core counts and wider vector registers. Thus, 
applications need to be adapted to fully utilize these hardware capabilities. One class of applications 
that can benefit from this increase in parallelism are molecular dynamics simulations. In this paper, we 
describe our efforts at modernizing the ESPResSo++ simulation package for molecular dynamics by re-
structuring its particle data layout for efficient memory accesses and applying vectorization techniques to 
benefit the calculation of short-range non-bonded forces, which results in an overall three times speedup 
and serves as a baseline for further optimizations. We also implement fine-grained parallelism for multi-
core CPUs through HPX, a C++ runtime system which uses lightweight threads and an asynchronous 
many-task approach to maximize concurrency. Our goal is to evaluate the performance of an HPX-based 
approach compared to the bulk-synchronous MPI-based implementation. This requires the introduction 
of an additional layer to the domain decomposition scheme that defines the task granularity. On spa-
tially inhomogeneous systems, which impose a corresponding load-imbalance in traditional MPI-based 
approaches, we demonstrate that by choosing an optimal task size, the efficient work-stealing mecha-
nisms of HPX can overcome the overhead of communication resulting in an overall 1.4 times speedup 
compared to the baseline MPI version.

© 2023 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND 
license (http://creativecommons .org /licenses /by-nc -nd /4 .0/).
1. Introduction

As the growth of processor frequency continues to plateau, 
modern HPC systems increasingly rely on greater concurrency and 
parallelism to deliver more performance. This comes in the form of 
increasing core counts and providing wider vector registers. How-
ever, as core counts increase, traditional parallelization methods 
that rely on MPI contend with fewer available memory per core 
and their performance faces increased sensitivity to load imbal-
ances and synchronization mechanisms. Full utilization of wider 
vector registers also means critical parts of applications need to 
be rewritten and often requires more complex solutions. Thus, ap-
plications have to be adapted and modernized in order to fully 
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maximize new hardware capabilities and overcome memory con-
straints.

Molecular dynamics (MD) simulations play a significant role in 
the study and discovery of new materials especially in soft mat-
ter research. They also act as an ideal example to harness more 
recent hardware capabilities since the calculations involved offer 
different ways of parallelization, such as through force decomposi-
tion, atom decomposition and spatial decomposition schemes [1]. 
Consequently, many simulation packages have been developed over 
the past decades that can run on machines with up to hundreds 
of thousands of cores such as LAMMPS [2], GROMACS [3], and 
NAMD [4].

In this paper, we focus on ESPResSo++, an open-source software 
for performing molecular dynamics simulations of condensed soft 
matter systems [5,6]. It is built on a C++ backend with MPI-based 
communication enabling fast parallel execution. It also provides a 
Python frontend for convenient scripting and analysis. The fore-
most guideline in the design of ESPResSo++ is extensibility which 
allowed it to become a sandbox in which users can easily develop 
le under the CC BY-NC-ND license (http://
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new methods and algorithms [5]. However, this means that deci-
sions taken in favor of extensibility may not always result in the 
best optimized code for performance on modern hardware.

To address this, we apply SIMD vectorization and multithreaded 
task-based parallelism to improve the performance of ESPResSo++ 
on modern multi-core CPUs. We specifically focus on molecu-
lar dynamics simulations involving short-range non-bonded forces 
whose calculations take up a significant portion of the total simu-
lation time and can benefit the most from these additional layers 
of parallelism.

First, we maximize the utilization of wider vector registers 
through SIMD vectorization. SIMD, which stands for single instruc-
tion multiple data, allows a single instruction to simultaneously 
process multiple vector elements whose size depends on the bit 
length of registers known as the SIMD width [7]. For example, In-
tel has been developing extensions of the x86_64 instruction set 
over the years including Streaming SIMD Extensions (SSE) which 
support 128-bit registers, Advanced Vector Extensions 2 (AVX) for 
256-bit registers, and AVX-512 for 512-bit registers. These are of-
ten provided as low-level functions called intrinsics which can 
be invoked directly from the source code but whose availability 
may vary among different architectures.1 To benefit from these 
extensions while retaining code portability, other approaches can 
be used such as directives that give hints to the compiler about 
vectorizable loops such as #pragma vector provided by Intel2

and #pragma omp simd from OpenMP,3 and libraries that im-
plement generalized high-level abstractions to the underlying in-
trinsics such as the Vc library [8]. SIMD optimizations can improve 
the performance of MD simulations independent of the application 
domain and we have evaluated their impact based on a standard 
Lennard-Jones fluid simulation and a polymer melt simulation run-
ning on a single node as benchmarks.

Next, we address the need for thread-level parallelism. Many 
applications running on computing clusters, including ESPResSo++, 
rely on the MPI programming paradigm that explicitly synchro-
nizes calculation steps through communication. However, as the 
number of cores per node increases, applications become more 
sensitive to load imbalances and operating system noise causing 
wait times to increase. Such scenarios prevent good application 
scaling for inhomogeneous systems unless a good load-balancing 
strategy is employed [9–11]. For a more in-depth overview of load-
balancing strategies in MD see sec. 5.3 of [2].

An alternative approach to the MPI programming model are 
asynchronous many-task runtime systems [12]. The number of 
tasks in many-task computing is typically significantly bigger than 
the number of cores. The many-task scheduler can therefore sim-
ply resolve load-imbalances by moving some tasks from busy to 
idle cores or even by moving tasks across nodes. One example is 
the Charm++ asynchronous programming model [13] which serves 
as the underlying runtime system of the MD simulation package 
NAMD [4] and of a highly scalable implementation of the finite 
element method [14]. Another emerging candidate library is HPX, 
which is a C++ standards-compliant library that provides wait-free 
asynchronous execution of tasks and synchronization through fu-
tures [15].

We have integrated HPX into ESPResSo++ for load-balancing on 
a single node, whereas we currently kept MPI to communicate 
between nodes. The HPX evaluation starts by again investigating 
balanced a Lennart-Jones fluid and a polymer melt to understand 
the overheads of HPX. We then investigate an unbalanced spherical 

1 https://software .intel .com /sites /landingpage /IntrinsicsGuide.
2 https://software .intel .com /content /dam /develop /external /us /en /documents /cpp _

compiler _classic .pdf.
3 https://www.openmp .org /spec -html /5 .1 /openmp .html.
2

configuration in which all particles are within a circle. The eval-
uation shows that the HPX overhead can be bounded by 5% for 
perfectly balanced simulations and that HPX can improve perfor-
mance by a factor of 1.4 for our unbalanced setting.

In this paper, we therefore present our efforts at modernizing 
ESPResSo++ by optimizing its data layout, enabling SIMD vector-
ization and integrating the capabilities for fine-grained parallelism 
offered by HPX. Our aim is to evaluate the benefits of using HPX to 
provide node-level parallelism compared to traditional MPI-based 
parallelism.

This paper is structured as follows: In Section 2, we introduce 
some of the general concepts and calculations involved in molec-
ular dynamics simulations and the particular design principles of 
ESPResSo++. We also describe the details of the HPX library that 
are relevant to our work. In Section 3, we illustrate the serial op-
timizations we performed on the data layout and critical loops of 
ESPResSo++ and show how we extended the pure MPI-based par-
allelization in ESPResSo++ to an MPI+HPX parallelization model. 
Then, we evaluated the performance of these optimizations and 
show the results in Section 4. We list related publications in Sec-
tion 5. Finally, we conclude our work in Section 6 and discuss 
possible extensions to distributed parallelism in Section 7.

2. Background

In this section, we will recall the standard methods of perform-
ing molecular dynamics simulations on parallel machines. We will 
also discuss particular features and design principles of the target 
MD application, ESPResSo++. Finally, we will introduce the asyn-
chronous many-task programming paradigms that will be used in 
the parallel optimizations of ESPResSo++.

2.1. Molecular dynamics simulations

Molecular dynamics (MD) simulations are used to model the 
dynamical properties of interacting particles in a system [16]. The 
central task of MD simulations is to integrate Newton’s equations 
of motion

mi · r̈i = Fi (1)

where mi is the mass of the particle i, ri is its position vector and 
Fi is the total force on i from interactions with all other particles 
in the simulation. These forces can be derived from a potential 
energy U that depends on the coordinates of all N particles rN

such that F = −∇U . The forces may include pairwise interactions, 
three-body interactions and higher order many-body interactions.

As shown in Fig. 1, the simulation evolves in an iterative pro-
cess in which the positions are used to calculate the forces, which 
are in turn used to update the velocities and positions for the next 
time step. For the latter, known as the Integrate step, numerical 
integrators such as the Velocity Verlet method are commonly em-
ployed [17,18].

2.1.1. Short-range non-bonded potentials
Short-range force models comprise the most common class of 

interactions that are used in MD simulations. They physically re-
sult from electronic screening effects of long-range interactions 
and they also reduce computational load by restricting force con-
tributions to a smaller region around each particle [1].

One commonly used example is the Lennard-Jones (LJ) potential 
which is given by

V (r) = 4ε

[(σ

r

)12 −
(σ

r

)6
]

(2)

https://software.intel.com/sites/landingpage/IntrinsicsGuide
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Fig. 1. Velocity Verlet integration scheme used by ESPResSo++ which updates parti-
cles’ velocities and positions in two half-steps (Integrate1 and Integrate2) and uses 
a skin size rskin to determine the frequency of particle re-binning done by Resort. 
Colors indicate groupings of different sections together while dashed line borders 
(---) indicate sections that involve MPI communication. (For interpretation of the 
colors in the figures, the reader is referred to the web version of this article.)

where σ and ε are parameters that describe the size of the particle 
and the depth of the potential well, respectively. If, like in the ex-
ample of Equation (2), the interaction decreases sufficiently rapidly 
to zero, the search for interacting particle pairs can be confined to 
within a distance r < rcut in order to calculate the total force on 
every particle.

2.1.2. Neighbor lists
Determining which particles are within cutoff of each other can 

be facilitated by binning the particles into cubic cells of minimum 
length rcut. Then the search for possible interaction pairs could be 
restricted to its cell and the 26 surrounding neighbor cells. For 
interactions that obey Newton’s third law, the symmetry of force 
calculations, �Fij = −�F ji , can be used to reduce the search to 13 
neighbor cells. The interacting particles may then be recorded in 
a list of pairs known as a Verlet list [17]. To reduce the com-
putational cost of building the Verlet list, an additional buffer of 
thickness rskin is added to the cell size such that rcell ≥ rcut + rskin. 
This allows some particles to move out of the neighborhood for 
some time steps without needing to reassign particles into cells 
and to recompute the Verlet lists frequently.

2.1.3. Spatial decomposition
The most common way to parallelize molecular dynamics sim-

ulations on distributed-memory machines is by subdividing the 
simulation box into smaller nodes, each assigned to one processor 
[1]. Every processor takes care of computing the forces and updat-
ing positions and velocities of particles in its own node. Particles 
are then allowed to enter and exit a node by reassigning them to 
a different cell and node during the so-called Resort step.

Each node is composed of real cells that belong to the spatial 
domain of that node and a surrounding layer of ghost cells that 
contain copies of particles from neighboring nodes [5]. The ghost 
cells are needed to correctly account for all force contributions at 
3

the node boundaries and they are updated at each time step us-
ing local message-passing communication, referred to as the Comm

step.

2.2. ESPResSo++

Started in 2008 as a joint collaboration between the Fraunhofer 
SCAI Institute and the Theory Group of the Max Planck Institute 
for Polymer Research, ESPResSo++ has become a central tool to 
perform coarse-grained simulations and to provide a sophisticated 
and versatile framework for the development of new methods and 
algorithms [5,6]. In order to simplify data exchange in complex 
workflows in combination with other software packages such as 
LAMMPS [2], GROMACS [3] and VOTCA [19,20], interfaces to these 
programs have been implemented. ESPResSo++ supports a variety 
of standard MD algorithms (e.g. Velocity Verlet Integrator in NVE, 
NVT, NPT Ensembles) as well as several advanced methods (e.g. 
AdResS, H-AdResS, equilibration of polymer melts, Lattice Boltz-
mann, 3-body non-bonded Stillinger-Weber or the Tersoff poten-
tial) and modern data structures (e.g., H5MD) in parallel file I/O 
environments. More recent and ongoing developments include the 
integration of the ScaFaCoS library4 for long range interactions and 
Lees-Edwards boundary conditions [21]. Collaborative development 
within an international group of scientists, including continuous 
integration (CI) and unit testing, happens on the GitHub platform.5

2.3. Asynchronous many-task programming models

Most applications that run on modern parallel architectures 
rely on the MPI+X programming model [22] in which MPI han-
dles inter-node communication and “X” is a hardware-dependent 
node-level programming paradigm such as OpenMP,6 CUDA,7 and 
OpenACC,8 or a performance-portability framework such as Kokkos 
[23] and RAJA [24]. Solutions like QUO have also been imple-
mented to handle thread-level heterogeneity while ensuring full 
utilization of CPU cores [25].

An emerging class of new parallel programming paradigms are 
asynchronous many-task (AMT) runtime systems which can pro-
vide fine-grained parallelism that can handle a large number of 
threads and efficiently distribute work across a node. One such 
example is HPX. The High Performance ParalleX (HPX) library is 
a C++ runtime system that can handle fine-grained parallelism in 
modern architectures [15]. It allows users to write code based on 
a task dependency graph and takes care of the thread schedul-
ing and execution of tasks and communication between distributed 
compute nodes.

We specifically focus on the thread management aspects of HPX 
to write and execute multithreaded code. This is achieved through 
the concept of futurization. HPX provides an asynchronous return 
type hpx::future<T> which hides the execution of function 
calls and returns immediately even though the function has not 
completed its execution. The futures can also be consumed by 
local control objects (LCOs) such as hpx::future<T>::then,
hpx::wait_all and hpx::shared_future, which enable 
the flow of task dependencies. The API also provides high-level 
parallel algorithms aligned to current and proposed C++ standards 
and extends them with asynchronous versions [15].

In the distributed case, HPX also provides an Active Global Ad-
dress Space (AGAS) which registers objects with global identifiers 

4 http://www.scafacos .de.
5 https://www.github .com /espressopp /tree /hpx4espp.
6 https://www.openmp .org /wp -content /uploads /HybridPP _Slides .pdf.
7 https://developer.nvidia .com /blog /introduction -cuda -aware -mpi/.
8 https://www.openacc .org /sites /default /files /inline -images /Specification /

OpenACC -3 .1 -final .pdf.

http://www.scafacos.de
https://www.github.com/espressopp/tree/hpx4espp
https://www.openmp.org/wp-content/uploads/HybridPP_Slides.pdf
https://developer.nvidia.com/blog/introduction-cuda-aware-mpi/
https://www.openacc.org/sites/default/files/inline-images/Specification/OpenACC-3.1-final.pdf
https://www.openacc.org/sites/default/files/inline-images/Specification/OpenACC-3.1-final.pdf
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Fig. 2. Original and improved layout for particle data.
that allows remote function calls while hiding explicit message 
passing. However, since we are focusing on node-level optimiza-
tions, AGAS will not be used in this work and inter-node commu-
nication will be done through MPI.

3. Optimizations

In this section, we discuss the key steps taken to improve the 
performance of ESPResSo++. We start with baseline optimizations 
that involve transforming the data layout and ensuring that use of 
SIMD vectorization is maximized by the compiler. Then, we im-
plement thread-level parallelism by integrating the HPX runtime 
system into ESPResSo++.

The standard implementation of ESPResSo++ is heavily depen-
dent on the Particle data structure. Since we want to maintain 
compatibility with the analysis tools in the current implementa-
tion while taking advantage of the performance improvements, we 
have chosen to implement the following optimizations as addi-
tional submodules within the espressopp Python module. The
vec submodule contains the data structures for improved particle 
data layout described in Section 3.1 and the vectorized routines for 
force calculation and integration described in Section 3.2. On the 
other hand, the hpx4espp submodule contains the correspond-
ing routines that use the node-level parallelism provided by HPX 
described in Section 3.3. This means that once the corresponding 
optimized versions of subroutines have been implemented, users 
only need to modify their python scripts by indicating the sub-
module. For example, the original version of the FENE potential 
is instantiated by espressopp.interaction.FENE, while for 
the vectorized version the vec submodule is specified resulting 
in espressopp.vec.interaction.FENE. The introduction of 
these submodules is facilitated by the extensibility and object-
oriented design of ESPResSo++.

3.1. Improved data layout

Fig. 2a shows the particle data layout in the standard imple-
mentation of ESPResSo++. All data for a single particle are stored 
in a large struct of 272 bytes called Particle including basic 
attributes such as type, position, velocity, force, and other at-
tributes required for more complex simulations. The particles are 
further grouped into cells, each containing its own std::vec-
tor<Particle>. This layout was chosen since it provides the 
most straightforward way of accessing particle data. This makes it 
compatible with the goal of extensibility and the object-oriented 
design of ESPResSo++, and it is well suited for algorithms work-
ing on nearly all particle data [5]. However, most of the time-
4

consuming operations, such as force calculation and neighbor 
search, rely on only a few attributes. Performing those operations 
with this layout requires strided memory accesses through differ-
ent attributes and operations with this layout usually cannot be 
auto-vectorized by compilers.

In order to optimize these operations, we employ an alternative 
layout in the form of a structure of arrays (SoA) in which every at-
tribute of type T is stored in its own separate std::vector<T>
as shown in Fig. 2b. SoA is known to improve cache re-use and is 
amenable to compiler-assisted vectorization of time-critical loops 
[7].

To maintain cache coherence and prevent false sharing during 
multithreaded accesses, the member arrays are allocated aligned to 
64-byte boundaries. For std::vectors this was done by using 
the aligned_allocator provided by the Boost.Align library.9

The entries between the end of one cell and the start of the next 
cell are also padded with dummy particles that lie far away from 
the simulation box to ensure that the entries for the next cell are 
also properly aligned.

The SoA layout is utilized only during the Integrate and force 
calculation steps while the original layout is used in the Resort

stage since it requires all particle attributes. Thus, to ensure ac-
curacy, the data between them are synchronized at the beginning 
and end of the simulation, and before and after the intermediate
Resort stages.

3.2. Vectorization

In this paper, we are specifically interested in optimizing for 
the vectorization capabilities provided by AVX-512 on Intel Skylake 
and Ice Lake processors. However, we also want to keep critical 
loops portable to other compilers and CPU architectures while tak-
ing advantage of the SoA data layout. Thus, we mainly rely on 
compiler auto-vectorization to ensure that SIMD instructions are 
efficiently utilized. Further directives were added in the code to in-
form the compiler of alignment and to assert the absence of data 
dependencies among vector entries [26].

The most time-consuming sections of typical short-range non-
bonded MD simulations are the neighbor list rebuild and the force 
calculation. Particularly for pair potentials, these steps require an 
efficient representation of the Verlet list. In the current version of 
ESPResSo++, it is represented as a list of pairs of pointers (i, j) to 
the corresponding Particle structs as shown in Fig. 3a.

9 https://www.boost .org/.

https://www.boost.org/
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Fig. 3. Possible representations of a Verlet list.
Fig. 4. MPI nodes are further divided into subnodes which determine the task gran-
ularity.

In our work, we use a more compact and vector-friendly rep-
resentation known as a SortedList [7]. Here the j-particles that 
interact with the same i-particle are grouped together and stored 
in a contiguous list as shown in Fig. 3b. Thus, during force calcu-
lations the SortedList is traversed using a double for-loop: first, 
through the array of indices ilist and ranges irange, and then 
through the entries of jlist that are contained within the range. 
Since every i comes with distinct j entries, this structure leads 
to the possibility of applying vectorization on the inner for-loop 
over j.

3.3. Node-level parallelism using HPX

To enable multithreaded parallelism with HPX, we further di-
vide the nodes into smaller subnodes as shown in Fig. 4. All com-
putation needed for one subnode is packaged into one HPX task. 
Each subnode contains only the particle data of the cells that be-
long to it. This allows some operations such as the integration of 
positions and velocities to be done in parallel for each subnode 
without needing explicit locking of resources. However, force cal-
culation requires modifying the force values of two or more parti-
cles that may reside in different subnodes. To avoid race conditions 
in the multithreaded version, Newton’s third law is not used for 
interactions between particles belonging to different subnodes so 
that their force values are calculated separately. This allows the 
force calculation for each subnode to be run concurrently but at 
the expense of some redundant force calculations at the subnode 
boundaries.

The number of cells within the subnode grid determines the 
task granularity. If the subnode is too small, execution would be 
dominated by overheads, in particular ghost layer exchange. In 
contrast, a large grid size results in fewer subnodes which reduces 
HPX’s work stealing capabilities. Thus, the number of subnodes per 
5

core, known as an oversubscription factor, has to be tuned in or-
der to find the optimal point between overheads and starvation 
[27,28]. This tuning procedure could be done manually by per-
forming several runs of a few time-steps while varying the number 
of subnodes at each run, starting with the number of threads per 
MPI locality until no further decrease in elapsed time is recorded. 
This optimal number of subnodes will vary for every simulation 
system depending on the task size and relative load imbalances 
among the resulting subnodes with the assumption that the rela-
tive load distribution does not vary too much during the simula-
tion. With this approach we can leverage the HPX work stealing 
capabilities to achieve load balancing between the threads of one 
MPI rank. Since the number of tasks is in general higher than the 
number of threads new tasks get assigned to a thread as soon as 
it finishes its work.

To execute the MD operations in parallel across multiple 
threads, we rely on the C++ standards-compliant parallel algo-
rithms provided by HPX. For the parallel execution of plain loops 
over subnodes we use hpx::parallel::for_loop and for 
those involving reductions we use hpx::parallel::trans-
form_reduce. Their signatures are similar to the C++ Standard 
Template Library (STL) algorithms of the same name except that 
the first argument in HPX requires an execution policy which indi-
cates whether and how to perform the algorithm in parallel [15]. 
Execution policies are gradually being adopted into the C++ stan-
dard, so that calls to functions in the hpx namespace may be 
replaced with std in the future.

4. Performance evaluation

Evaluation was performed on three different computing facili-
ties: the Mogon II supercomputer at the Johannes Gutenberg Uni-
versity Mainz which is equipped with Intel Skylake processors, the 
Raven HPC System at the Max Planck Computing and Data Facil-
ity (MPCDF) which has the newer Intel Ice Lake processors, and an 
AMD EPYC 7452 cluster also at the MPCDF. Hardware specifications 
and compilers that were used are described in Table 1.

We used the following software versions: HWLOC 2.2, Boost 
1.72.0, Python 3.8 and HPX 1.5.1 [29]. Binaries were compiled 
with Intel C++ Compiler with the flags “-O3 -xHost -qopt-zmm-
usage=high -restrict” to enable full AVX-512 optimizations on 
Mogon and Raven, and with GCC compiler with flags “-O3 -
march=native” on the AMD cluster.

Two simulation systems were used to evaluate performance – 
Lennard-Jones and polymer melts. The quantities used here will be 
expressed in Lennard-Jones dimensionless units with m = ε = σ =
1 which also results in reduced units of time since (ε/mσ 2)1/2 = 1
[16].
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Table 1
Specifications of the compute nodes used for performance evaluation.

Name Mogon Raven AMD

Processor Intel Gold 6130 
(Skylake)

Intel Xeon 
IceLake-SP 
8360Y

AMD EPYC 7452

Base frequency 2.10 GHz 2.40 GHz 2.35 GHz
Sockets per node 2 2 2
Cores per socket 16 36 32
Vector Extensions AVX-512 AVX-512 AVX2
Compiler ICC 19.1.1.217 ICC 2021.3.0 GCC 11.2.0

The Lennard-Jones simulation was initialized with particles in 
a cubic lattice at a density ρ = 0.8442, and a cutoff distance of 
rcut = 2.5 and a buffer thickness of rskin = 0.3 were set. A Langevin 
thermostat was introduced to equilibrate the particles to some tar-
get temperature T .

We also prepared a polymer melt simulation containing ring 
polymers of chain length 200 and density ρ = 0.85. A repulsive 
Lennard-Jones interaction exists between all monomers within a 
cutoff distance rcut = 21/6 and skin size rskin = 0.4. Aside from 
the short-range non-bonded interactions, the polymer melt sim-
ulation includes bonded interactions composed of a FENE potential 
between pairs along the chains and a cosine potential on triples 
that form angles [30].

The simulations were executed with a fixed step size �t =
0.005. We measured the elapsed time of the integrator loop and 
excluded any initialization steps such as setting up classes and 
reading particle data. Within this period, the timings of the fol-
lowing key sections were also collected:

• Forces - calculating non-bonded (LJ/Pair) and bonded (FENE, 
Angle) interactions

• Comm - communicating positions and collecting forces for 
ghost layers

• Integrate - updating positions and velocities
• Neigh - rebuilding neighbor lists
• Resort - sorting particles to cells and nodes, and copying par-

ticle data between original and SoA layout

These correspond to the groupings of sections described in Fig. 1
in which timers for sections with the same color are combined 
(e.g. Comm1 + Comm2 = Comm). The values presented are averages 
across all MPI ranks.

4.1. Baseline optimizations

We first evaluate the performance benefits following the trans-
formation of the particle data layout to SoA and the vectorization 
of critical loops. To do this, we compare three cases:

• orig - the original implementation,
• soa - the implementation optimized with SoA particle data 

layout but with auto-vectorization disabled using the flags 
“-no-vec -no-simd” on ICC and “-fno-tree-vectorize” on GCC, 
and

• vec - the fully vectorized implementation.

We performed the measurements on a single node on each of the 
three machines listed in Table 1 using the Lennard-Jones fluid and 
polymer melt simulation as benchmark cases. We present the tim-
ing results in Fig. 5 and Figure S1.

As our first benchmark case, we simulate a Lennard-Jones fluid 
containing N = 262, 144 particles running for 1000 time steps and 
equilibrated to T = 1.0. The overall elapsed time and the speedup 
with respect to orig are shown in Figs. 5a-5b. On Mogon, we ob-
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Table 2
Actual speedups (S) from soa to vec and corresponding 
ideal speedups (Smax) calculated from (3).

W SLJ SLJ
max SPM SPM

max

Mogon 8 1.55 2.39 1.09 1.24
Raven 8 1.65 2.07 1.09 1.25
AMD 4 1.09 1.86 1.04 1.26

serve a 2× speedup from orig to soa due to the change in data 
layout, and a further 1.5× speedup from soa to vec due to the 
vectorization of the Lennard-Jones interaction and the neighbor list 
rebuild. This is reduced on the AMD node to 1.5× and 1.09× re-
spectively since the processor has AVX2 extensions which has a 
smaller vector width and reduced vectorization capabilities.

The elapsed time of different sections on a full node is shown
in Figs. 5e-5f. Speedups can be observed in all sections that use 
the SoA layout. There is an overhead in the Resort section due to 
the additional copying of data from the SoA layout to the unop-
timized layout on which the re-binning is performed, but this is 
compensated by the larger speedups in the other sections. Among 
the different code sections, speedups resulting from vectorization 
are more significant in the force calculation and neighbor list re-
builds because these sections involve a traversal of the SortedList

which has a higher trip count than the iteration through the par-
ticles in the other sections.

We also performed the same comparison on a polymer melt 
simulation with N = 320, 000 particles and show the results in 
Figs. 5c-5d. On Mogon, a 2× speedup is achieved from orig to
soa, similar to the LJ simulation. However, the speedup from soa to
vec was reduced to only 1.07×. This is because the smaller cutoff 
for the pair potential results in fewer neighbors per particle at an 
average of 9.4 compared to 41.2 for the LJ setup, which in turn re-
sults in fewer iterations for the vectorized inner loop of the Sort-

edList traversal in Pair and Neigh. Also, the other forces — FENE 
and Angle — were not vectorized in the same manner since they 
require mechanisms for conflict detection which are not yet sup-
ported by auto-vectorization. For the simulation on Raven, speedup 
benchmarks for both systems are similar to those on Mogon and 
corresponding data are given in the supplementary information.

The speedups we obtained from the soa implementation to 
the vec implementation can be compared with the ideal speedup 
which can be calculated by assuming perfect vectorization of the
Pair and Neigh operations. If we denote the execution time for 
the non-vectorized sections as trest , we can quantify the maximum 
speedup as

Smax = trest + tPair + tNeigh

trest + (tPair + tNeigh) /W
(3)

where the execution times tPair and tNeigh are those obtained 
with soa, and W denotes the vector width or how many double-
precision floating point numbers can fit in the register of the vec-
torized instructions (8 for AVX-512 and 4 for AVX2).

We apply Equation (3) to the data in Figs. 5e-5f, and present the 
results in Table 2. On Mogon, we find that for the Lennard-Jones 
simulation SLJ

max = 2.39 compared to our measured SLJ = 1.55 and 
for the polymer melt simulation SPM

max = 1.24 whereas we obtained 
SPM = 1.09 in our implementation. This difference is mainly due 
to the fact that the j-particles in the SortedList are not contiguous 
and have to be gathered before being simultaneously processed 
by the SIMD instructions. Similar values were obtained on Raven 
(Figure S1c) since its Ice Lake processor has the same AVX-512 
vectorization features as Skylake on Mogon. On the other hand, 
the speedups obtained on the AMD machine were relatively re-
duced due to the shorter SIMD width and the fewer vectorization 
capabilities of the AVX2 instruction set.
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Fig. 5. Strong scaling behavior on one node of Mogon and AMD. Speedups shown are calculated with respect to orig at the same number of MPI ranks. A higher speedup is 
obtained for the LJ fluid due to its pair potential having a larger cutoff distance than the one used for the polymer melt simulation. For elapsed time, lower is better.
We also compare our vectorized implementation with LAMMPS 
which provides an Intel-optimized USER-INTEL package [31]. We 
ran a strong scaling comparison against the original implementa-
tion and fully vectorized version of ESPResSo++ and present the 
results in Fig. 6. We find a similar performance of LAMMPS USER-
INTEL and our optimized version of ESPResSo++ with the latter 
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being faster up to 128 MPI ranks. However, scalability is eventu-
ally limited by the Resort stage which is still based on the original 
implementation and could be further improved in future imple-
mentations. Nevertheless, we have shown that even our SIMD opti-
mizations already resulted in comparable overall performance with 
LAMMPS.
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Fig. 6. Strong scaling comparison with LAMMPS on Mogon.

4.2. MPI vs HPX comparison

In this section, we evaluate our molecular dynamics implemen-
tation with HPX shared-memory parallelism in comparison to tra-
ditional MPI-based intra-node parallelism. We specifically investi-
gate two cases: a spatially homogenous simulation to measure the 
overheads resulting from the HPX implementation, and a spatially 
inhomogeneous simulation to demonstrate the load-balancing ca-
pabilities of HPX. In particular, we focus on single node perfor-
mance since we want to investigate the benefits from the work-
stealing capabilities of HPX. The MD simulations were executed on 
the compute nodes listed in Table 1 equipped with two sockets. 
For the HPX version, one MPI rank is assigned to each socket and 
the number of HPX threads for each rank is equal to the number of 
cores per socket. For the baseline MPI version, one MPI rank with 
one thread is assigned to each physical core, which corresponds 
to the fully vectorized implementation evaluated in the previous 
section.

We start with a spatially homogenous case in which we ex-
pect the simulation to be dominated by implementation overheads. 
We use the same Lennard-Jones setup from the previous section 
which contains N = 262, 144 particles and forms a cell grid of 
(24, 24, 24). For the HPX version, we perform the simulations for 
different numbers of subnodes per MPI rank, nsub, starting from 
the number of cores on each socket and gradually increasing by a 
factor of two until no further subdivision is possible. This autotun-
ing procedure allows us to find the optimal value of nsub. For MPI 
version, we run only one nsub per MPI rank.

We first performed the evaluation on a single socket to isolate 
our measurements from the effects of MPI communication. From 
the results shown in Fig. 7a, an immediate drop in elapsed time 
can be seen from one to two nsub per core followed by a steady 
slowdown as nsub continues to increase. This means that executing 
two subnodes per thread is already sufficient since the Pair sec-
tion does not improve anymore after this point. On the other hand, 
as nsub increases, the number of force calculations that do not use 
Newton’s third law also increases, which in turn increases the time 
for the Pair section. At the optimal point for Mogon at two nsub
per core, we find that the HPX implementation is 5% slower com-
pared to the traditional MPI implementation where the overhead 
originates from task sizes of the Integrate section being too small 
and the increase in necessary but redundant force calculations in 
the Pair section. For AMD and Raven, we see from Figs. 7b and S2a 
that the optimal point is at four nsub per core and there is higher 
overhead from the Pair force calculation.
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The same simulation was then performed on two MPI ranks as-
signed to two sockets with the same number of HPX threads for 
each rank. From Figs. 7c-7d we see similar behavior except for a 
uniform increase in communication time. On Mogon, this results 
in a 37% slowdown compared to running one MPI task per core on 
the entire compute node. This is due to the fact that in the HPX 
implementation only the main thread in each MPI locality is per-
forming communication so the number of communication calls is 
reduced and the data volume for each call is increased. This can be 
overcome by future implementations of the distributed parallelism 
provided by HPX, which is beyond the scope of this paper.

To investigate a spatially inhomogeneous case, we construct a 
simulation using Lennard-Jones particles that mimics the load dis-
tribution arising in adaptive resolution simulations where particles 
in a spherical region are treated with full atomistic resolution, 
while the particles in the rest of the domain are coarse-grained 
[32] or treated as ideal gas [33] resulting in a locally reduced 
computational load. As shown in Fig. 8, a spherical region in the 
center of a simulation box is filled with Lennard-Jones particles 
with density ρin = 0.8442 similar to the bulk simulation described 
earlier.

For this setup, we use a larger cubic simulation box of length 
L = 271 with a spherical region containing 2.58 million particles 
or 16% of the volume of the simulation box. To keep the spherical 
structure intact, the thermostat temperature was kept at T = 0.1
and the simulation was run for 100 time steps.

Results of the autotuning procedure for a full compute node 
are shown in Fig. 9. In contrast to the bulk simulation, the optimal 
number of subnodes for this setup on Mogon has shifted to nsub =
256 or 16 subnodes per core with a 1.4× speedup over the MPI 
version. On the other hand, the optimal nsub for both AMD and 
Raven (Figure S3) clusters is 32 subnodes per core which indicates 
the need for the autotuning procedure since the same setup could 
behave differently on different systems.

Among the different code sections, the largest speedup can be 
observed in the communication which captures the MPI synchro-
nization and takes the load imbalance into account. In the MPI 
version, the processors with fewer particles in their subdomain 
have to wait for other processors with more particles to complete 
their force calculations and synchronize via MPI. In the version 
with HPX multithreading, the work load is divided symmetrically 
between the two MPI ranks and the subnodes are executed con-
currently by HPX threads.

In order to put these speedups into perspective, we devise 
a performance model to estimate the minimum execution time 
that we can ideally obtain for our load imbalanced system. The 
theoretical minimum execution time τs for each section s is ob-
tained when the workload is evenly distributed across all MPI 
ranks, which we can relate to the corresponding measured exe-
cution time ts in the MPI version. We observe that the timers 
for the Pair, Neigh, and Other sections are not affected by load 
imbalances since they do not involve any inter-node communica-
tion. Thus, for these sections, τs = ts since the measured execution 
times ts are already averages across MPI ranks.

For the remaining sections which involve MPI communication 
within the timers, we estimate the ideal time by running a ho-
mogenous setup and scaling the result using the relative number 
of particles. We start with a bulk LJ setup formed by filling the 
entire simulation box described in Fig. 8 with LJ particles and 
measuring tbulk

s , the execution time of each section. From this, 
we can estimate ts by relating each section’s workload to the 
relative number of particles in the two simulations (Nbulk and 
Nsphere). Since Integrate scales with the total number of parti-
cles in the simulation box, its ideal execution time is given by 
τIntegrate = tbulk

(
Nsphere/Nbulk

)
. On the other hand, the Re-
Integrate
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Fig. 7. Elapsed time for the homogenous Lennard-Jones fluid with the MPI version (-·-·) and with HPX using different number of subnodes on Mogon. Lower time is better. 
On a single socket of Mogon, the performance of the HPX version at nsub = 32 is similar to MPI. For the single node case, the performance is impacted by having only the 
main thread performing MPI calls. AMD also shows higher overhead for performing the Pair force calculation.
Fig. 8. Initial spherical configuration of Lennard-Jones particles showing the do-
main decomposition at the x-y plane with partitioning according to MPI ranks (—) 
and HPX subnodes (· · · ). Left: MPI-only partitioning into (4, 4, 2) grid. Right: HPX-
enabled partitioning into 2 MPI ranks and (4, 4, 4) subnode grid.

sort and Comm sections are dominated by inter-node communi-
cation that happens only along the planes of the node bound-
aries which are proportional to the surface area of the simula-
tion box. Since the length of the boundaries is L = (N/ρ)1/3 for 
some constant number density ρ , the surface area of the simula-
tion box is given by 6 × (N/ρ)1/3 × (N/ρ)1/3 which means that 
9

the communication workload is proportional to N2/3. Using this, 
we can estimate the ideal execution time for these sections to be 
τs = tbulk

s

(
Nsphere/Nbulk

)2/3
for s ∈ {Resort, Comm}. Thus, the total 

ideal execution time for the spherical setup is given by

τ = tPair + tNeigh + tOther + tbulk
Integrate

(
Nsphere

Nbulk

)

+
(

tbulk
Comm

+ tbulk
Resort

)(
Nsphere

Nbulk

)2/3 (4)

We performed the bulk simulation on the three machines and 
used Equation (4) to calculate the ideal execution times shown in 
Table 3. Also shown are the actual execution times using the HPX 
and MPI implementations from Fig. 9. We find that on Mogon, our 
HPX implementation is 1.71× slower compared to the ideal, while 
the base MPI implementation is 2.45× slower.

5. Related work

Maximizing SIMD capabilities of recent hardware architectures 
has been thoroughly explored and applied to molecular dynam-
ics simulations. For example, optimizations have been made in 
LAMMPS that enable full use of the Intel Knights Landing architec-
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Fig. 9. Comparison of sectional elapsed times with the MPI version (-·-·) and with 
HPX using different number of subnodes for the spherical Lennard-Jones. Lower 
time is better.

Table 3
Ideal execution time τ calculated from (4) compared with the ac-
tual execution time with HPX and MPI.

τ (s) tHPX (s) tHPX/τ tMPI (s) tMPI/τ

Mogon 3.55 6.07 1.71 8.69 2.45
Raven 1.75 3.12 1.78 5.39 3.08
AMD 2.34 5.05 2.16 8.99 3.84

ture with AVX-512 which is still relevant to recent Intel CPUs [26]. 
SIMD vectorization techniques have also been investigated specifi-
cally for the Lennard-Jones potential on Intel CPUs with AVX2 and 
AVX-512 instructions [7].

Different forms of the hybrid MPI+X programming model have 
been widely applied in molecular dynamics simulations. For ex-
ample, LAMMPS has support for multi-core CPUs and accelerators 
through OpenMP, CUDA and Kokkos [26,31]. To reduce the com-
plexity of maintaining code for different architectures, performance 
portability has also been applied to particle-based simulations 
through Cabana, which is a library built on Kokkos, and demon-
strated specifically for molecular dynamics simulations through 
the CabanaMD proxy application [34]. Task-based parallelism and 
asynchronous mesh refinement approaches have previously been 
implemented for highly dynamic MD simulations parallelized using 
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MPI and OpenMP [35]. It has also been shown that fully adopting 
a hybrid MPI+OpenMP programming model alleviates load balanc-
ing problems and communication pressure better than pure MPI 
implementation that allows the adjustment of domain boundaries 
[36].

HPX has been successfully applied to N-body simulations of 
stellar mergers in astrophysics [37]. The implication of task gran-
ularity on performance of HPX-based applications has also been 
studied [28]. Comparisons between the traditional MPI program-
ming model and HPX-based implementations of the discontinuous 
Galerkin method for the two-dimensional shallow water equations 
have also been reported in [27] which found a 6% faster runtime 
with HPX parallelization which they attribute to better cache be-
havior due to overdecomposition.

6. Summary and discussion

In this work, we presented our code modernization efforts 
for the ESPResSo++ molecular dynamics simulation package. This 
was achieved by optimizing the particle data layout, implement-
ing SIMD vectorization on critical loops and integrating node-level 
parallelism through HPX. We have optimized operations that re-
quire only a few particle attributes by using a structure of arrays 
layout which improved the memory access patterns of these op-
erations resulting in an up to 2× overall speedup. The change in 
layout also allowed us to ensure SIMD vectorization on critical for 
loops used in short-range interactions. This results in an additional 
1.5× speedup for Lennard-Jones simulations and 1.1× speedup 
for polymer melt simulations, suggesting that the greater benefits 
from vectorization of short-range interactions depend on having a 
larger cut-off distance among other factors.

These serial optimizations served as a baseline on which we 
implemented node-level parallelism through HPX. By decomposing 
the MPI node into smaller subnodes, we were able to modulate 
the granularity of the task sizes and obtain an optimum balance 
between resource starvation and overhead from additional force 
calculation between subnodes. We then compared the HPX-based 
implementation with the traditional MPI-based parallelization. For 
a spatially homogenous system, we found the HPX implementa-
tion to be 5% slower on a single socket running a single MPI rank, 
which rises to 37% slower on a full node running two MPI ranks 
resulting from the increase in communication volume per MPI call. 
Nevertheless, the benefit of using the work-stealing capabilities 
of HPX was demonstrated when running spatially inhomogeneous 
simulations such as an LJ system with spherical load distribution 
for which we obtained a 1.4× speedup.

To maintain compatibility with the original packages within 
ESPResSo++, we have chosen to implement our code moderniza-
tion strategies as additional submodules in ESPResSo++ (vec and
hpx4espp). This is due to the intrusive change in the particle data 
structure which all algorithms and analysis tools are dependent on. 
This design choice allows us to continuously develop other perfor-
mance improvements which could eventually be adopted in the 
main branch of ESPResSo++.

Through this implementation and evaluation process, we have 
found that HPX can provide suitable features for implementing 
thread-level parallelism for MD applications involving short-range 
interactions while keeping MPI as the driver for inter-node com-
munication. However, as with the introduction of any shared-
memory programming model, certain care has to be taken in order 
to ensure thread-safety, which is not a concern in MPI-based im-
plementations. We were able to solve this in our HPX implemen-
tation by introducing a node-level domain decomposition layer at 
the expense of some additional overhead. By autotuning for a few 
time steps, we can find an optimal task size that maximizes paral-
lelism and minimizes this overhead.
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7. Future work

Further performance improvements can be achieved by utilizing 
HPX also for the distributed parallelism aspect of our application. 
The current implementation, which relies on the multithreaded 
parallel algorithms of HPX, is still limited by implicit synchroniza-
tion among the different MPI localities since they still utilize MPI 
communication to update their ghost cells with only the main 
thread handling MPI calls. This constraint can be further decou-
pled by allowing every subnode to independently perform ghost 
cell updates using asynchronous remote function calls. This can be 
done using the distributed parallelism framework of HPX through 
its Active Global Address Space (AGAS). Using global addressing, we 
can decouple the ghost communication among neighboring subn-
odes so that every direction can be updated independently through 
an API that is the same whether the neighboring subnode is in the 
same locality or not. This can then utilize the futurization capabili-
ties of HPX to form a task-based dependency tree that will expose 
more parallelism and reduce the synchronization among MPI lo-
calities.

Although this work only addresses node-level load balancing 
through work-stealing, HPX can also be used to implement load 
balancing among different localities by converting the subnodes 
into migratable objects that can be moved between localities while 
maintaining their neighborhood topologies through their global ad-
dressability.
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