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Abstract. This paper introduces a random-batch molecular dynamics (RBMD) pack-
age for simulations of particle systems at the nano/micro scale. Different from existing
packages, the RBMD uses random batch methods for nonbonded interactions of parti-
cle systems. The long-range part of Coulomb interactions is calculated in Fourier space
by the random batch Ewald algorithm, which achieves linear complexity and super-
scalability, surpassing classical lattice-based Ewald methods. For the short-range part,
the random batch list algorithm is used to construct neighbor lists, significantly reduc-
ing computational and memory costs. The RBMD is implemented on GPU-CPU het-
erogeneous architectures, with classical force fields for all-atom systems. Benchmark
systems are used to validate the accuracy and performance of the package. Compari-
son with the particle-particle particle-mesh and the Verlet list methods in the LAMMPS
package is performed on three different NVIDIA GPUs, demonstrating high efficiency
of the RBMD on heterogeneous architectures. Our results also show that the RBMD
enables simulations on a single GPU with a CPU core up to 10 million particles. Typ-
ically, for systems of one million particles, the RBMD allows simulating all-atom sys-
tems with a high efficiency of 8.20 ms per step, demonstrating the attractive feature for

running large-scale simulations of practical applications on a desktop machine.
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Program summary

Program Title: RBMD

Developer’s repository link: https:/ / github.com/randbatch-md
Licensing provisions: GPL 3.0

Programming language: C++

Nature of problem: Nonbonded interactions, particularly, long-range electrostatic interactions, are
the computational bottleneck of molecular dynamics simulations, for which most packages are
based on algorithms with the lattice-based Ewald summation and the fast Fourier transform.
These algorithms are communication intensive, limiting the parallel efficiency of the algorithm
for the GPU calculation. Moreover, for short-range calculations, the building of neighbor lists for
each particle is memory intensive, leading to the von Neumann bottleneck for large scale simu-
lations. Therefore, the use of innovative long-range and short-range algorithms is essential for
a novel molecular dynamics package that is able to simulate systems beyond the current limita-
tions.

Solution method: In the paper, the random batch methods are introduced under the VIK-m frame-
work to accelerate the nonbonded interactions in molecular dynamics, leading to a novel pack-
age, named the random batch molecular dynamics (RBMD). The stochastic nature of the methods
significantly improves the efficiency and parallel scalability of the calculations on the GPU-CPU
heterogeneous architecture.

1 Introduction

Over the past few decades, molecular dynamics (MD) simulations have achieved tremen-
dous success in a broad range of areas, including biophysics, soft matter, materials mod-
eling, electrochemical energy devices and drug design [1-4]. These advances partly owe
to tremendous improvements in hardware [5] that have enabled studies of spatial and
temporal scales previously not feasible, such that a more detailed understanding of phys-
ical phenomena at micro/macro-scales can be achieved. At present, most traditional MD
packages have released multi-CPU and/or GPU versions, such as AMBER [6], GRO-
MACS [7], LAMMPS [8], NAMD [9], and OpenMM [10]. Moreover, the development
of accelerators [11] has also promoted the development of machine learning-integrated
MD packages [12-14]. Nevertheless, since Moore’s law [5] is no longer applicable as
the speed improvement of individual processors has been increasing slowly, fast and ac-
curate calculations of pairwise nonbonded interactions on heterogeneous architectures
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have become a fundamental challenge in the field. This is because atomic Coulomb inter-
actions [15] are long-range and require costly all-to-all communications with the increase
of CPU cores or GPUs. Mainstream MD software packages typically address Coulomb
interactions through Ewald-type methods [16-20] where the long-range part is accel-
erated using the fast Fourier transform (FFT). These methods achieve a complexity of
O(NlogN), but the intensive communications required by the FFT significantly reduce
the parallel scalability [21]. Other popular Coulomb solvers [22-25] including the fast
multipole method also suffer from the same issue [26].

Another critical challenge limiting the spatio-temporal scale of modern MD software
is the von Neumann bottleneck [27]. This issue arises from the disparity between the
processing speed of the CPU/GPU and the data transfer rate between the processor and
memory. In classical MD simulations, calculating short-range interactions is particularly
data-intensive, requiring large memory consumption and frequent accesses to store and
retrieve particles and their neighbors. Without algorithms that can better exploit new
hardware architectures and parallel frameworks, the accessible timescales in simulations
will quickly hit a wall with the increase in system size.

Stochastic algorithms have emerged gradually, building an important bridge link-
ing traditional methods and modern massive high-performance computing. Notably,
the random batch Ewald (RBE) [28] and random batch list (RBL) [29] methods recently
proposed by some of us have shown promise in addressing the aforementioned chal-
lenges associated with long-range and short-range interactions, respectively [30,31]. The
so-called “random mini-batch” idea adopted in the RBE and RBL has its origin in the
stochastic gradient descent [32], first proposed for interacting particle systems with rigor-
ous error estimates [33-35], and has succeeded in various fields [36—40]. The RBE method
is based on the Ewald summation [41], but avoids the use of FFT by employing a random
batch importance sampling strategy in the Fourier space calculations, achieving both a
near-optimal O(N) complexity and a substantial reduction in communication cost. The
RBL method replaces the traditional Verlet list [42] by dividing the region into a core-shell
structure and constructing the mini-batch for particles in the shell region, significantly
reducing the memory usage and computational cost. Although CPU parallelization of
these stochastic algorithms has been widely tested [30], no GPU-involved implementa-
tion has been reported to date, and they have yet to be incorporated into any publicly
released MD package.

In this paper, we present a random batch molecular dynamics (RBMD) package de-
signed for efficient and scalable MD simulations. The RBMD integrates a CPU-GPU
heterogeneous implementation of both the RBE and RBL methods for accelerating non-
bonded interactions. It supports mainstream force fields, thermostats, and constraint
algorithms, enabling it to accommodate various user requirements. Although hetero-
geneous offload techniques have been explored by several MD codes [7, 8], the RBMD
incorporates stochastic algorithms adapted to modern architectures, so the load balanc-
ing strategy requires being specially designed. The RBMD is developed under the VTK-
m framework [43], designing it into a future-proof form to exploit both CPU and GPU
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(also including various accelerator architectures) to achieve high performance. In the
RBMD, most MD procedures are offloaded to accelerators, while only tasks requiring
fine-grained parallelism remain on the CPU. One of the main features of the RBMD is
that it does not use grid-based computations. Instead, it designs the random mini-batch
steps and nonbonded interaction calculations to be heterogeneous and finally employs
a set of Reduce-by-Key operators to reduce these random forces. By avoiding grid gen-
eration and complete neighbor lists, our RBMD software significantly reduces memory
consumption while maintaining high computational efficiency. The RBMD enables sim-
ulations of all-atom systems with up to 107 particles on a single GPU and one CPU core
workstation, achieving performance of 1—2 orders of magnitude faster than the famous
LAMMPS software; thus, it will be promising for practical simulations of many systems
at the nano/micro scale.

The paper is organized as follows: Firstly, we introduce the workflow of the RBMD
and review the derivation of the RBE and RBL algorithms for nonbonded forces in Section
2. Next, we present the framework for GPU programming in the RBMD and describe the
parallel operator and implementation of the RBE/RBL algorithms on GPU in Section
3. Finally, we verify the accuracy and efficiency of the RBMD by presenting numerical
examples, demonstrating the advantages of the RBMD in Section 4. Concluding remarks
are provided in Section 5.

2 Methods

In this section, we describe the workflow of the RBMD package and the state-of-the-art
algorithms used in the package, particularly the nonbonded forces of interacting parti-
cles.

2.1 RBMD workflow

MD simulation is performed by solving the Newton’s equations for all particles in a sys-
tem to obtain the trajectories of particle velocities and positions, leading to the thermo-
dynamics and dynamical quantities by ensemble average. The crucial part of the MD
simulation is the calculation of the interacting forces of particles. Consequently, the force
field, which defines the form of the potential functions and their parameters, becomes
the core of MD simulations. Many force fields have been developed and popularly
used in practical simulations, including AMBER [44], CHARMM [45], GROMOS [46],
OPLS [47], COMPASS [48], and ReaxFF [49], together with many recent progresses in
machine-learning force fields [13,50-54]. In the first phase of the RBMD, we implement
the AMBER and CHARMM force fields, which are often used for studying the structural
and dynamic properties of organic molecules and biomolecules.

In classical force fields, the potential energy is typically separated into bonded and
nonbonded potentials. The bonded potential is composed of the contributions of chemi-
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cal bonds, bond angles, dihedral angles and improper dihedrals, respectively,

Vo= Y ko(b—00)*+ Y ke(0—60)>+ Y kp[l1+cos(np—¢o)]+ Y ke (w—wp)?,
bonds angles dihedral imp

(2.1)
where kj,kg,ky and k., are the potential coefficients of the four contributions, and corre-
spondingly, bo,00,¢0 and wy are the equilibrium coefficients of bond, angle, dihedral and
improper energies. The nonbonded potential includes van der Waals and electrostatic
interactions, Vi = Vjj+ Velee, where the van der Waals interactions are characterized by
the Lennard-Jones (L]) potential

12 6
g () (2] e
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and the electrostatic potential Ve, reads
Velee=7—— 27 (2.3)

with €y being the vacuum dielectric constant. In Egs. (2.2) and (2.3), the summations
run over all particle pairs, including interactions with image particles due to periodic
boundary conditions. The coefficients for the L] interactions are given by the Lorentz-
Berthelot mixing rules [55],

0i+0;j
81']':,/81'8]', and O'i]':T, (24)

where ¢; and ¢; are the energy coefficients of particles i and j, and 0; and ¢; are the corre-
sponding distance coefficients.

The MD simulation flowchart of the RBMD is depicted in Fig. 1. The flowchart starts
with reading the input configuration file on the CPU to collect essential particle informa-
tion such as position, velocity, charge and mass. Subsequently, the particle information
is transferred to the GPU (blue blocks) using the Map operation, which will be discussed
in Section 3.1. On the GPU, the interactions of particle bonds, nonbonded short-range
interactions, and long-range interactions are computed. It is noted that the nonbonded
forces are the computational bottleneck of the MD. The algorithms for nonbonded forces
and implementations will be discussed heavily in later sections. Given the force field, the
configuration file specifies whether to apply constraints to maintain the rigid structure of
certain special molecules, such as water molecules [56]. For molecules with dihedral and
improper angles, the RBMD implements special bonds [57,58] that enable the adjustment
of weights for L] and/or electrostatic interactions between pairs of atoms that are also
permanently bonded to each other. The user can configure the option "special_bonds" in
the configuration file. Combining all the forces computed by the above operations, the
whole force on each atom is obtained. The sum of these four forces is used to update the
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Figure 1: Simulation flowchart of RBMD. Particularly, in the RBE implementation, P samples are extracted
from the CPU and then transferred to the GPU. The Reduce-by-Key operation is employed to simultaneously
calculate P structure factors, thereby computing the RBE force.

new particle positions and velocities. Subsequently, the Velocity-Verlet algorithm [55] is
employed to update the new positions and velocities of particles by integrating Newton’s
equations of motion. If the simulation step reaches the predefined T}, step, the iteration
terminates.

The RBMD is able to compute required physical quantities, such as temperature, po-
tential energy, radial distribution function (RDF), mean square displacement (MSD), and
velocity autocorrelation function (VACF). Meanwhile, the RBMD generates the trajectory
file of particles to analyze the structural properties via the VMD [59] or OVITO [60] pack-
ages. Furthermore, NVE (constant volume V and energy E) and NVT (constant volume V
and temperature T) ensemble simulations are supported on RBMD. To sample the correct
NVT ensemble, the RBMD implements several thermostats, including Berendsen [61],
Langevin [62] and Nosé-Hoover thermostats [63]. Moreover, the RBMD realizes the mod-
ule for the NVE, which is based on an energy stable scheme via an energy bath [64]. Based
on the description of the overall workflow of the RBMD, we design the correspond-
ing configuration file, which is shown in the README at https://github.com/randbatch-
md/rbmd.
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2.2 Electrostatic interactions

Computing electrostatic interactions is generally considered as a computational bottle-
neck in MD simulations [65-67]. To address this challenge, a common approach is to
apply Ewald splitting [41] to separate the Coulomb kernel 1/r into rapidly decaying
short-range and smooth long-range parts and then efficiently solve them in real space
and Fourier space, respectively. This results in a series of lattice-based Ewald algo-
rithms [16-20] with the FFT acceleration. However, the FFT is communication-intensive,
requiring significant communication overhead in multi-CPU parallel computing, posing
a scalability bottleneck. The RBE method overcomes this simulation bottleneck due to
the use of small but mini-batches at each step in approximating the force [28], and this
section gives an overview of this algorithm.

Without loss of generality, consider N charged particles in a cubic box of length L
with the periodic boundary condition. Denote the charge and position of the ith particle
by g; and r;, the volume of the box by V=L3. Assuming that the system is charge-neutral
that }_;q; =0, then the total electrostatic energy of this system is given by

14
Velec = 2 2 |1‘1‘]'—|—I’IL|/ (25)

z]ln

where n runs over the three-dimensional integer vectors, and the prime after the second
sum means that n=0 is not included when i=j. Eq. (2.5) is conditionally convergent, and
one cannot obtain its approximation by a direct truncation.

To sum up the series in Eq. (2.5), the RBE also starts with the kernel splitting similar
to the lattice-based Ewald-type algorithms,

1 erfe(y/ar)  erf(y/ar)
P » + - , (2.6)

where erf(x) is the error function

erf(x exp du (2.7)

=ik

and erfc(x) =1—erf(x) is the error complementary function. The positive parameter «
is determined by the requirement for efficiency. The second term in Eq. (2.6) is a long-
range part, which is smooth without singularity and can be transformed into a Fourier
series of rapid decay. If one performs the Fourier expansion for the pairwise sum of the
erf(y/ar) /r kernel, the electrostatic energy can be rewritten into

erfc(y/a|rij+nL|)

2 —k?/ (4a)
Vetee = ZE qi9; ‘le—f—nL{ 7Ek2| | \/725]1/ (2.8)

z]ln k#0
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where the Fourier grid k=27tm /L with m € Z3. Here, the three terms correspond to the
short-range, the long-range and the self-energy contributions, respectively. And

N o
p(k)=Y qie™" 2.9)
i=1

is the structure factor of a given particle configuration. Then the force on the ith particle

is given by the negative gradient of V,;,. with respect to ;, expressed by F,=Fs/ort —|—Filong ,

where

Fhori— gy .<erf6(ﬁr) 2\/&;”2) rij+nL (2.10)

+ ,
~ 9i r2 NL |rij+nL
long _ 4mgik —k2/(4a) —ikr;
F°= kégosz e Im (e p(k)). (2.11)

The short-range term Eq. (2.10) involves the error complementary and exponential func-
tions, and both converge rapidly in real space. It is feasible to compute this part of the
force by determining a cutoff radius and calculating the forces exerted by particles in the
sphere of radius ;s centered on particle i, which will be computed along with other short-
range forces such as L] forces. The algorithm for this contribution will be discussed in
Section 2.3.

The RBE is an approach to treating the long-range part, which is expanded into a
Fourier series in Eq. (2.11). It avoids using the communication-intensive FFT. Instead,
it approximates the Fourier series via importance sampling. In Eq. (2.11), the series
can be considered as the expectation of a random variable with probability distribution
exp(—k?/(4a))/Q where Q is the normalization constant. One can simply obtain P sam-
ples, {k;}}_, from this probability density function, such as via the Metropolis Monte
Carlo, and then an approximate expression of the long-range force can be obtained,

p
long Q 47Tqik€
E °~—-) —=
B NN

Im(e~*Tip(ky)). (2.12)

Under the assumption that the samples are independent and identically distributed, one
can prove that the estimate (Eq. (2.12)) is unbiased. Furthermore, with the Debye-Hiickel
assumption, the variance of the force estimate is proportional to the product of (N /V)*/3
and 1/P, and the RBE algorithm is expected to work well for an appropriate P when the
particle density is not large.

It has been demonstrated in [28] that, when the system density is fixed, the required
batch size P for the same variance is independent of the number of particles N. As a
result, the computational complexity for calculating the long-range force is O(N). From
another point of view, the key issue affecting parallel efficiency for RBE is the calculation
of P terms of p(k), which fits the thousands of threads of GPU simultaneous computation.
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Hence, the acceleration by GPU for RBE is huge compared with the expected CPU version
of RBE. Meanwhile, the RBE avoids the mesh mapping process used in the PPPM method
on the CPU and executes the main computation (except for the sampling procedure) on
the GPU, greatly showing the advantage of the RBE method.

There are many further developments after the work of Jin et al. [28]. The super-
scalabity of the RBE for parallel computing has been demonstrated in [30]. Moreover, the
RBE is extended to simulate systems at the NPT and NVE ensembles [31,64], successfully
capturing the long-range electrostatic correlations [68, 69]. It is remarked that the sum-
of-Gaussians decomposition is also used to split the Coulomb kernel into near and far
parts. This leads to the u-series method [70,71] and the random batch sum-of-Gaussians
(RBSOG) method [72] for electrostatic forces. The RBSOG inherits the superscalability of
RBE and offers greater flexibility for extending to general kernels. It will be integrated
into future developments of the RBMD.

2.3 Short range interactions

Computing short-range interactions is another fundamental yet time-consuming task
in MD simulations. Various techniques have been extensively discussed in the litera-
ture [73]. The Verlet list [42] and linked cell list [74] algorithms, among the earliest in
the field, are pivotal to early MD software packages. Their ideas are straightforward, in-
volving constructing a stencil of bins to identify possible neighbors, binning atoms, and
looping through the stencil to assemble the neighbor list. Despite achieving linear com-
plexity, these methods require substantial memory resources and intensive processor-
memory communication, limiting the accessible scale of simulations. Recent progress
has explored single-instruction multiple data (SIMD) parallelization [7,75]. The resul-
tant cluster pair algorithm delivers excellent performance, yet it may introduce artificial
effects for the dynamics [76], and the issue of high memory consumption persists.

The RBL [29] is a recently developed stochastic method designed to accelerate short-
range calculations and reduce memory usage. Unlike previous methods, the RBL intro-
duces an outer cutoff r; to truncate the potential and an additional inner cutoff r. <7,
constructing two-level core-shell structured neighbor lists around each particle. Let

Cli):={j#i:rj<rc} and S(i)={j:r.<rj<rs} (2.13)

be the neighbor sets of the ith particle in the core and shell regions, respectively. To
demonstrate how the RBL method works, one first decomposes the short-range force
into the contributions from the two regions,

h hell
E ort:Ecore+Es el (2.14)

where Ff"¢ and Ff"!! include the interactions with all particles in C(i) and S(i), respec-
tively. Direct summation is used for F . Due to the singular kernel of the L] interaction,
Ff°"¢ is directly summed. For the core contribution, the RBL proposes a stochastic approx-
imation. One randomly chooses a few p particles from S(i) into a batch B(i), ignoring
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other neighbors in the zone. Let N be the number of particles in S(i). Following the ran-
dom batch idea [33], one has the following unbiased estimator for the shell contribution,

N,
P'Z.She”*:i Z 131], (2'15)
P jes(i

where F;; is the force due to particle j. When Eq. (2.15) replaces Fs!l in Eq. (2.14), one ob-
tains a faster algorithm for short-range interactions due to the smaller number of neigh-
bors, which also significantly reduces the memory cost. One then obtains a correction to
all particles, expressed by

1 N
Feorr — _ N Z(Ficore +E5h611*). (2.16)
i=1

The forces for all particles are added by this correction force to achieve the conservation
of the total momentum. Since only the interacting neighbors within the core list and the
batch are stored, the RBL reduces memory usage and computational cost by a factor of
4rtnrd / (4mtnrd +3p) [29] where n=N/V is the particle number density. It can be demon-
strated that the estimation of forces is unbiased. As the short-range force includes the
L] force and the short-range component of electrostatic force Eq. (2.10), the variance of
the short-range force estimation is in the order of (Ns— p)n(r ! +erfc(v/2ar.))/p under
the condition of a homogeneous assumption [77]. Consequently, the variance of the RBL
algorithm decreases rapidly with the increase of . when the density is not large, thus
ensuring the accuracy of the computation.

The RBMD software integrates the RBL method to accelerate short-range interaction
calculations, with the specific heterogeneous implementation detailed in Section 3.3.

3 Implementation details

In this section, we provide a detailed interpretation of GPU programming, particularly
for the RBE and RBL algorithms, using GPU-CPU heterogeneous computing.

3.1 VTK-m framework

The optimized strategy of the RBE used in the previous work [30] depends on the AVX-
512 vectorization and the MPI parallelization. Some AMD or Kunpeng CPUs rather than
Intel CPUs do not support the AVX-512 instruction set, therefore, one has to design spe-
cific RBE codes for different CPUs, and this affects the scalability of the RBE algorithm. In
the RBMD, the framework of the visualization ToolKit for massively threaded architec-
tures (VTK-m) [78] is adopted to develop a generally usable code for different processor
architectures. The VTK-m is a wrapped third-party library to fit in different kinds of
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Figure 2: (a) The specific process of CPU-GPU heterogeneous computing for the RBMD. The number of steps
is marked in red. Map is the parallel operator. The dark blue square represents "grid", the light blue square is
"block" and the grey square is "thread" in GPU; (b) the parallel operator Reduce; and (c) the parallel operator
Reduce-by-Key.

GPUs such as NVIDIA, AMD and Intel by providing abstract models for data and execu-
tion. The native CUDA implementation of the RBE algorithm has already been reported
recently by Lyu et al. [79]. We remark that the performance with the CUDA implementa-
tion is similar to the results in our VIK-m implementation, while the latter enables their
application across a variety of GPU architectures.

To illustrate how the RBMD integrates with the VTK-m, Fig. 2(a) schematically dis-
plays the structure of the CPU-GPU heterogeneous computing and the data transfer pro-
cess between GPU and CPU. Both the computing engines include computational mod-
ules (cores or grids) and storage modules by memory. The difference lies in that the GPU
has more computing units compared to the CPU, which allows the GPU to process large
amounts of data in parallel. When the data from the input file is read into the CPU, it is
stored in the host memory (Step 1 in Fig. 2(a)). Next, in Step 2, this data is transferred
from the host memory to the device memory. The data in the device memory is then
distributed to different grids for parallel computation (Step 3). Finally, in Step 4, once
the simulation step reaches the point of thermodynamic output, the results computed by
the GPU are transferred back to the CPU. This completes the heterogeneous computing
operation between the GPU and CPU. It is noteworthy that the third step is the core step
for the GPU computation. The VTK-m automatically distributes the tasks to different
threads for parallel computation. Simultaneously, after the fourth step is completed, the
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GPU memory is automatically released, and the results are transferred to the CPU.

We now introduce some details of Step 3 in Fig. 2(a), namely, how to utilize parallel
operators in the VTK-m structure to accelerate the computation. In the VTK-m structure,
three parallel operators for GPU parallel acceleration: Map, Reduce and Reduce-by-Key
play crucial roles in implementing the RBE/RBL methods by the GPU. Firstly, the type
definition for information about particles such as positions, charges and velocities is the
Map operation. By defining the data type, the information of each particle is transferred
to the device memory on the GPU, as shown in Fig. 2(a). And then the parallel calcu-
lations on different threads on the GPU are executed. Secondly, the Reduce operation,
shown in Fig. 2(b), allows for the parallel computation of summating all elements in an
array, making it highly effective for large-scale summations. Thirdly, the Reduce-by-Key
operation in Fig. 2(c) is to summate elements on different threads with the same key in
parallel, where the key refers to an identifier of the thread. In the RBE, calculating the P
structure factors is the most important part for the improvement of the RBE efficiency.
The operation Reduce-by-Key can sum up p(k,) with the same {k,}}_,, i.e., k, represents
the key in Fig. 2(c), in parallel. By using Reduce-by-Key, all P structure factors can be cal-
culated simultaneously on the GPU, significantly improving the utilization rate of GPU
memory and computational units compared to reducing them individually. Therefore,
Reduce-by-Key is essential for the acceleration of the RBE algorithm.

3.2 Implementation of the RBE

Algorithm 1 presents the procedure for computing the RBE force. At the preparation
stage, the Map operator is used to allocate the position and charge of each particle to the
GPU. The splitting parameter « and sample number P are read from the input file on the
CPU. The RBMD first obtains P samples {k;}}_, from the distribution Q~le~ K"/ (4%) by
the Metropolis algorithm [55] on the CPU, where Q is the normalizing factor. In general,
P is far smaller than the particle number N. Thus, this sampling procedure takes little
time on the CPU. The P samples and the positions and charges from the Map operator,
are then used to compute g;e*" with £=1,---,P on the GPU for all particles. The next
step is then to use the Reduce-by-Key operator to get p(ky) ({=1,---,P) by summating the
results of these Fourier modes. Finally, the RBE force Eq. (2.12) is calculated on the GPU
using structure factors p(ky) (¢=1,---,P).

We compute the arithmetic intensity [80, 81] to measure the algorithm efficiency of
the RBE, which is defined as the ratio between floating-point operations (FLOPs) and
memory access [82]. A high arithmetic intensity implies that data read and written from
memory can be reused multiple times for calculations, thereby enhancing the efficiency
of computational resource utilization. The most expensive part of the RBMD is the calcu-
lation of the structure factors in Eq. (2.9)), where the Reduce-by-Key operation is employed
for fully leveraging the GPU computational capacity. Overall, the arithmetic intensity for
the RBE is of O(1). However, since the RBMD needs to store Px N data for the cal-
culation of p(k). This Reduce-by-Key operation impacts the GPU memory consumption,
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Algorithm 1: Random batch Ewald implementation of the RBMD

Input: Structure: Map each r;,q; of particle i to the GPU
Parameter: Read parameters « and P on the CPU host

1 Sample sufficient number of k ~ Q le~IKP/(40) with k #0 by the Metropolis
procedure, pick P frequencies {k;} and send them to the GPU

2 Compute qieik”f for {=1,---,P on the GPU

3 Reduce-by-Key the results of Step 2 on the GPU — p(ky)(¢=1,---,P)

4 Using {k,} and {p(k/)} to calculate the force Eq. (2.12) on the GPU

leading to a decrease in the intensity. This represents a trade-off between computational
efficiency and memory usage. It follows that when using multi-GPU RBMD to simulate
large-scale particle systems in the future, it might be beneficial to replace the Reduce-by-
Key operation for {eik”i}(ﬁ =1,---,P; j=1,---,N) with P terms of Reduce operation for
{p(k¢)}(£=1,---,P). This modification will significantly enhance the arithmetic intensity
to O(P). Consequently, this strategy would allow for more effective use of multi-GPU
acceleration while avoiding excessive GPU memory consumption.

3.3 Implementation of the RBL

The implementation of the RBL algorithm on the GPU-CPU architecture is given in Al-
gorithm 2. The preparation stage mirrors that of the RBE method. The Map operator
allocates the position and charge of each particle to the GPU. Simultaneously, the RBMD
takes the core radius 7. and sample number p on the CPU. The cell list is constructed
using cubic cells with a side length of r.. Subsequently, all particles within the core area
of particle i and p randomly selected particles from its shell area are grouped to obtain
the neighbor list for particle i on the GPU. At Step 2, F°"® and F*"*!! are computed on the
GPU, respectively. The Reduce operator then combines F©" and F*"/! to obtain F®". At
the final step, the overall force F"*"! is calculated by summing up Ff"¢, F"!! and Feo'r
on the GPU. It should be noted that the RBMD calculates all short-range components us-
ing this RBL algorithm based on the GPU-CPU architecture, including the Lennard-Jones
force and the short-range component of the electrostatic force.

The computation of the short-range part of the electrostatic force involves an expen-
sive error function and an exponential term in Eq. (2.10), which significantly impacts
computational efficiency. To address this, we integrate the look-up table method [72]
with the RBL implementation to speed up the calculation of the short-range electrostatic
force. The look-up table method divides the cutoff region into two segments by introduc-
ing a o <rs. When r <ry, the force is calculated using a series of Taylor expansions. For
the case of rg <7 <rs, the values of the Gauss error function and exponential terms are
pre-computed and stored in a table file. The force in the shell region is then approximated
using polynomial interpolation from these precomputed values [83]. The computational
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Algorithm 2: Random batch list implementation of the RBMD
Input: Structure: Obtain each r; and g; of particle i on the GPU
Parameter: Read parameters 7., ;s and the sample number p from the CPU and
construct the cell list according to 7. on the GPU

1 Choose p particles in the shell region randomly and all particles in the core
region to build the neighbour list on the GPU

2 Compute F" from the core region and F*"“/ from the shell region for each
particle on the GPU

3 Reduce the results of Step 2 on the GPU to get the F*'"

4 Compute F*'* from Steps 2 and 3 on the GPU

cost of the short-range component of electrostatic forces can be significantly reduced by
avoiding the direct calculation of these Gaussian error and exponential functions. The
arithmetic intensity of the RBL algorithm is of O(1) since it is inevitably required to ac-
cess all neighboring particles within the cutoff radius rs. When extension to simulations
of large-scale particle systems with multi-GPUs, it will be useful to utilizing multiple
CPU cores to handle the storage of neighbor lists such that the computation on the GPU
can substantially enhance the computational efficiency with the RBMD. This will be re-
ported in our future work.

4 Results and discussion

In this section, numerical results are presented to validate the correctness of the RBMD
software and the efficiency of the random batch methods implemented in machines with
GPU-CPU heterogeneous architectures. We perform simulations for three benchmark
systems. The first system is the L] fluid, which is a typical short-range system with the
force field having only the nonbonded L] potential. The second system is a 1:1 electrolyte
system based on the primitive model, where the force field includes both the L] and elec-
trostatic interactions [84]. The third system is an all-atom pure water system, utilizing the
SPC/E pure water model [85]. The water model includes not only the nonbonded inter-
actions between atoms, but also the bond and angle interactions in Eq. (2.1). The SHAKE
algorithm [86] will be used to constrain the bond and angle forces between atoms, main-
taining the rigidity of the water molecules. All test systems are maintained in the NVT
ensemble using the Berendsen thermostat under the periodic boundary condition in three
directions.

The results are performed on three different architectures, each including one CPU
core and one GPU card. The testing GPU hardware products are Tesla V100, GeForce RTX
4090 and Tesla A100, respectively, and their parameter details on CUDA cores, memory
and memory bandwidth are presented in Table 1. The corresponding CPUs for the three
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Table 1: Comparison of three evaluated NVIDIA GPUs.

Performance index GPU Tesla V100 GeForce RTX 4090 Tesla A100
Release Year 2018 2022 2020
Architecture Volta Ada Lovelace Ampere
Process Size 12 nm 5nm 7 nm
CUDA Cores 5120 16384 6912
Memory Type HBM?2 GDDR6X HBM2e
GPU memory (GB) 32 24 40
Memory bandwidth (GB/s) 900 1008 1555

hardware modules are Intel (R) Xeon (R) Platinum 8255C CPU@2.5GHz; AMD EPYC
7402@2.8GHz; and Intel (R) Xeon (R) Gold 6230 CPU@2.1GHz.

4.1 Accuracy

We first test the accuracy of RBMD on three benchmark systems, performed on the RTX
4090 GPU card. For the L] liquid, the length of the computational box in each direction is
L =100, where ¢ is the reduced length unit [87], with N =1000 atoms in the system. The
cutoff radius takes r; =50, and the core radius for the RBL method sets r.=2.5¢. The time
step takes 0.0027 with t=0+/mg/ (kpT) being the unit of time and my=1 (L] unit) the ion
mass. The electrolyte solution system uses the same L, 75, . and T as the L] system, but
with 500 cations and anions. In the dimensional unit, the electrostatic potential between
particles is given by Vi; = (pq;q;/rij where the Bjerrum length /3 =3.50. In the RBE,
«=0.362, which is consistent with the choice of the PPPM method. In both systems, the
equilibrium temperature is set kgT =1 with kp being the Boltzmann constant. The batch
sizes for the RBL and RBE are set at p=100 and P=100, respectively. The third benchmark
is an all-atom water system. The water molecule is described by the SPC/E model. The
simulation box has a length of 66.9 A with 1000 water molecules. The SHAKE algorithm
was employed to constrain the bond lengths and bond angles of water molecules. The
RBE has a batch size P =100 and the Ewald splitting parameter o« = 0.048. The short-
range cutoff radius rs=12 A and the RBL core radius 7.=6 A. The RBL batch size p=100,
the same as in the other two examples. The time step for simulation is dt =1fs and the
equilibrium temperature is T =298K.

For all three examples, we run 5x 10° steps for equilibrium and 1.0 x 10° steps for
statistics. We calculate the RDFs and MSDs by both the RBMD and the LAMMPS, and the
results are depicted in Fig. 3. These results demonstrate that the RBMD reproduces the
LAMMPS results well. The accuracy of the RBE and RBL has been extensively reported
in existing literature [28-31,77], and the RBMD results are also in consistent with these
previous studies.
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Figure 3: Results of radial distribution function (RDF), mean squared displacement (MSD), and snapshots
produced by OVITO for three benchmark systems: (a-c) the Lennard-Jones fluid; (d-f) the electrolyte solution;
and (g-i) the SPC/E water system. The RBMD and LAMMPS are shown to be in good agreement.

4.2 Efficiency

Our investigation below will focus on the performance of the RBMD, in comparison with
the LAMMPS with the PPPM method for the electrostatic solver and the Verlet list for
the near-field calculations. To evaluate the performance of LAMMPS with PPPM GPU
implementation, we load the "GPU", "KSPACE" and "RIGID" packages of the Stable Re-
lease (2 Aug 2023). To enable GPU-accelerated near and far parts of the LAMMPS, the
"pair_style" and "kspace_style" options are "lj/cut/coul/long/gpu" and "pppm/gpu’ re-
spectively, in the electrolyte solution and pure water systems. The "pair_style" setup is
"lj/cut/gpu" for the L] system. And then we use the command "mpirun -n 1 Imp -sf gpu
-pk gpu 1 -iin.file" to execute the LAMMPS file. The wall-clock times for long-range and
short-range parts are then recorded in the "Kspace" and "Pair" subroutines. The experi-
mental configuration for performance comparison between the RBMD and LAMMPS is
conducted on a single GPU card with one CPU core. In the PPPM implementation of the
LAMMPS, the charge interpolation and the force calculation are accelerated on the GPU
(device). As FFT computation requires a large amount of MPI communications, this part
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Figure 4: Wall-clock time for the Lennard-Jones fluid on the Tesla V100 (a), RTX 4090 (b) and A100 (c)
architectures. The results calculated by the RBL method in the RBMD and the Verlet list method are present.
The results of the acceleration ratio between the RBL algorithm (p=230) and the Verlet list method on the
Tesla V100, RTX 4090 and A100 architectures are depicted in (d-f), respectively.

is running on the CPU (host) [88]. Also, the transfer of particle information between the
GPU (device) and CPU (host) [8] is required for each time step. Therefore, for simula-
tions using a single GPU, the LAMMPS generally uses multi-core CPUs to achieve high
efficiency. In the RBMD, only sampling of P frequencies is performed on the CPU for the
RBE algorithm, and a single CPU core can efficiently handle this task. Meanwhile, the
calculation of the RBL algorithm is entirely performed on the GPU. Therefore, the RBMD
results in efficiency are obviously dominant, mostly because of the low efficiency of the
GPU usage in the LAMMPS under the limitation of one CPU core.

The Lennard-Jones fluid — We investigate the efficiency of the RBMD for the L] system. In
the calculations, the same setup as in Section 4.1 is used for the force field parameters, but
with two batch sizes p =30 and 100. The particle number density is fixed to be 0.010~3,
the same as in [77]. Fig. 4(a-c) shows the results of the wall-clock time per MD step in
three different GPUs for the particle number N in the range from 5x 10* to 10°, calculated
via the RBL in the RBMD and the Verlet list in the LAMMPS. It is shown that both the
RBL and the Verlet list are almost linearly scaling with particle number N across three
GPUs. The RBL results for the two batch sizes are close. Overall, the RBL achieves one
order of magnitude faster than the direct Verlet list method on the three different GPUs.
Fig. 4(d-f) displays the acceleration ratios of 4 different system sizes for p =30 in the
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Figure 5: Wall-clock time for kspace calculations of the primitive electrolyte solution on the Tesla V100 (a),
RTX 4090 (b) and A100 (c) architectures. The results calculated by the RBE in the RBMD and the PPPM in
the LAMMPS are present. The results of the acceleration ratio between the RBE algorithm (P=100) and the
PPPM method on the Tesla V100, RTX 4090 and A100 architectures are shown in (d-f), respectively.

three machines. The most prominent speedup is on the A100 machine, which achieves a
factor 12.59 faster than the reference calculation on average. For a typical system of 10°
particles, the wall-clock time per step for the RBL of p =30 is 0.35 ms, corresponding to
2.47 x 108 steps per day. These attractive performances in the wall-clock time demonstrate
the efficiency of the GPU-accelerated RBL algorithm.

The primitive electrolyte solution — The primitive electrolyte solution is used as the test
case for the efficiency of the RBE implementation. The Parameters r; =120 and r. = 60
and the particle number density are the same as for the Lennard-Jones fluid. Fig. 5(a-c) il-
lustrates the comparison of kspace wall-clock times using the RBE and PPPM algorithms
for systems ranging from 5x 10% to 10° particles on three different architectures. Fig. 5(d-f)
presents the acceleration ratios of 4 different system sizes. It can be seen that the com-
putation times for both the RBE and PPPM algorithms increase linearly with the number
of particles. Additionally, the RBE algorithm is 1-2 orders of magnitude faster than the
PPPM algorithm across all three devices. Specially for 10° number of particles on the
A100, the wall-clock times per step for the RBE algorithm of P =100 and 200 are about
2.43 ms and 2.89 ms, whereas 127.31 ms for the PPPM algorithm. The acceleration ratio is
52.39 and 44.05, respectively, which illustrates the efficiency of the RBE run is high. One
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Figure 6: Wall-clock time for nonbonded calculations of the all-atom water system on the Tesla V100 (a), RTX
4090 (b) and A100 (c) architectures. The results calculated by the RBL and RBE methods in the RBMD and
the Verlet list and PPPM methods in the LAMMPS are present. The results of the acceleration ratio between
the RBL (p=30) and RBE (P =100) algorithms with the Verlet list method and the PPPM method on the
Tesla V100, RTX 4090 and A100 architectures are shown in (d-f), respectively.

notes that the PPPM is pretty slow because only one CPU core is used. In practice, one
usually runs the simulations with a combination of multi-cores and the GPU for better
performance of the LAMMPS.

The all-atom SPC/E water — We test the performance of the RBMD for all-atom systems
by using an all-atom SPC/E water system. We choose rs=12 A, r.=6 A and p =30 in
the RBL algorithm and P =100 in the RBE algorithm for the pure water system, and the

particle number density is 0.01 A™°. The results are depicted in Fig. 6, where the linear
growth with increasing atom numbers by the RBMD is observed, similar to Figs. 4 and
5. The RBL and RBE reach one order of magnitude faster than the Verlet list method
and the PPPM method on the three different GPUs. Fig. 6(d-f) presents the acceleration
ratios for 4 different system sizes, illustrating a 13 ~ 51 factor of speedup in comparison
to the LAMMPS for the three hardware products. For the atom scale of 10° on the A100,
the wall-clock time per step for nonbonded computation is 3.06 ms by the RBL and RBE
algorithms and 57.02 ms by the Verlet list and PPPM algorithms. Thus, the acceleration
ratio is 18.63, which also demonstrates the efficiency of RBE and RBL algorithms in en-
hancing the acceleration of nonbonded interactions for all-atom SPC/E water system by
GPU-CPU heterogeneous computing.
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4.3 Large-scale systems

We next demonstrate the performance of the RBMD in large-scale particle (10° to 107 atom
number) simulations. First, we conduct tests on the L] system. On the A100, we evaluate
the performance for the L] system for p=30 and 100 with the particle number increasing
from 1.3 to 13.8 million, and the results are present in Fig. 7. One observes that as the
particle number increases from 1331000 to 9216000, the time increases linearly. One can
estimate that the wall-clock time for N =10° is about 1.5 ms per step, i.e., the speed is as
far as 667 steps per second for computing the L] interactions. When the particle number
is 13824000, the memory of the GPU at p =100 is almost fully occupied, thus the compu-
tation speed is significantly decreased due to the communication latency. The linearity
remains for p =30. In Fig. 7(b), the maximum occupied memory with an increase of N
is displayed. It is shown that the occupied GPU memory almost linearly increases with
the particle numbers of the simulation box. This is because the data for particles on the
RBMD is pre-allocated on the GPU at the beginning. At N =13824000, the occupied GPU
memory ratio at p =100 is 95.16%, which is nearly filled with the whole GPU memory of
A100, approaching the von Neumann bottleneck [89].

Fig. 8 presents the results for the all-atom SPC/E water system, where one takes pa-
rameters ;=8 A, r.=4 A, p=30, and P=100. Similar results as those of the L] system are
observed. The wall-clock time consumed by nonbonded interactions increases linearly
with the number of particles, up to about 0.9 x 107. For N = 10°, the wall-clock time of
the RBMD for each step is approximately 8.20 ms. When the particle number reaches as
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Figure 7: (a) Wall-clock time per timestep (ms) on near-field computation for Lennard-Jones system by RBMD
on the A100; (b) Occupied GPU memory ratio on the A100.
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Figure 8: (a) Wall-clock time per timestep (ms) for nonbonded interactions of the water system by the RBMD
on the A100; (b) Occupied GPU memory ratio on the A100.

high as 10,120,000, the GPU memory usage on an A100 is nearly full (98.19% in Fig. 8(b)),
significantly affecting the simulation efficiency due to the von Neumann bottleneck. It
is noted that a smaller cutoff radius is taken to save memory, such that the RBMD can
simulate a system of 107 particles in a single GPU card, which is beyond the limit of the
classical simulators. One could adjust the parallel strategy of the RBE algorithm to dy-
namically allocate the computation of structure factors on the GPU so that the linearity
can be scaled to a larger size.

5 Concluding remarks

In summary, we have developed the RBMD, a novel molecular dynamics package for
large-scale simulations in CPU-GPU heterogeneous architectures, which is based on the
random batch methods to accelerate nonbonded interactions. We introduce the software
workflow and present the heterogeneous acceleration of the stochastic algorithms within
the VTK-m programming framework. We demonstrate the high efficiency of the RBMD
for computing nonbonded interactions; typically, for N = 10° particle system, the wall-
clock time is at an average rate of 1.50 ms per step for Lennard-Jones fluid and 8.20 ms
per step for all-atom SPC/E water. It is also shown that the RBMD allows to simulate
systems of size up to ten million on a single GPU. These results highlight the unique
advantages of the RBMD for large-scale computational simulations.

Many works are to be done for the next version of the RBMD. Particularly, the ran-
dom batch sum-of-Gaussians algorithm [72] is shown to be promising in comparison
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with the RBE for long-range interactions, and the implementation of this algorithm in
the RBMD will provide a faster solution than the current version. There are other mod-
ules to be added to the RBMD, such as the TIP4P water model [90], isothermal-isobaric
ensemble [31], quasi-2D boundary conditions [91], and more useful force fields [92,93].
Moreover, enabling parallel acceleration with multiple CPUs and GPUs for the RBMD is
also an ongoing project for ultra-large-scale simulations.
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