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ABSTRACT

As scientific frameworks become sophisticated, so do their data structures. A data structure typically in-
cludes pointers and arrays to other structures in order to preserve application’s state. In order to ensure
data consistency from a scientific application on a modern high performance computing (HPC) architec-
ture, the management of such pointers on the host and the device, has become complicated in terms of
memory allocations because they occupy separate memory spaces. It becomes so severe that one must
go through a chain of pointers to extract the effective address. In this paper, we propose to reduce the
need of excessive data transfer by introducing the idea of pointerchain, a directive that replaces the
pointer chains with their corresponding effective address inside the parallel region of a code. Based on
our analysis, pointerchain leads to a 39% and 38% reduction in the amount of generated codes and
the total executed instructions, respectively.

With pointerchain, we have parallelized CoMD, a Molecular Dynamics (MD) proxy application
on heterogeneous HPC architectures while maintaining a single portable codebase. This portable code-
base utilizes OpenACC, an emerging directive-based programming model, to address the need of memory
allocations from three computational kernels in CoMD. Two of the three embarrassingly parallel kernels
highly benefit from OpenACC and perform better than the hand-written CUDA counterparts. The third
kernel performed 61% of peak performance of its CUDA counterpart. The three kernels are common mod-
ules in any MD simulations. Our findings provides useful insights into parallelizing legacy MD software
across heterogeneous platforms.

© 2019 Elsevier B.V. All rights reserved.

1. Introduction

ber for the latest supercomputer, Summit from ORNL, is six NVIDIA
Volta GPUs [1]. Supercomputers with different device families will

Heterogeneous computing systems comprise multiple and sep-
arate levels of memory spaces; thus, they require a developer to
explicitly issue data transfer from one memory space to another
with software application programming interfaces (APIs). In a sys-
tem composed of a host processor and an accelerator (referred to
as device in this paper), the host processor cannot directly access
the data on the device and vice versa. For such systems, the data
are copied back and forth between the host and the device with an
explicit request from the host. This issue has become particularly
severe for supercomputers as the number of devices connected to
one node increases. For an example, the Titan supercomputer from
ORNL has only one NVIDIA K20 GPU per node, while this num-
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continue exacerbating this issue [2].

Heterogeneous computing systems pose a challenge to the com-
munity of scientific computing. As a scientific framework becomes
sophisticated, so does its data structures. A data structure typically
includes pointers (or dynamic arrays) that point to primitive data
types or to other user-defined data types. As a result, transfer of
the data structure from the host to the other devices mandates
not only the transfer of the main data structure but also its nested
data structures, a process known as the deep copy. The tracking of
pointers that represent the main data structure on the host from
its counterpart on the device further complicates the maintenance
of the data structure. Although this complicated process of deep
copy avoids a major change in the source codes, it imposes unnec-
essary data transfers. In some cases, a selective deep copy is suf-
ficient when only a subset of the fields of the data structure on
the device is of interest [3]; however, even though the data motion
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decreases proportionally, the burden to maintain data consistency
among the host and other devices still exists.

In this study, we address the shortcoming of data transfer be-
tween the host and a device by extracting the effective address of
a final pointer in a chain of pointers as the source for our data
transfer. Utilizing the effective address also leads to a reduction of
the generated assembly code by replacing the pointer chain with
a single pointer. This single pointer will suffice for the correct ex-
ecution of the kernel on both the host and the device. As a result,
we have improved the performance of parallel regions by reduc-
ing an unnecessary deep copy of the data structure between the
host and the device. We have developed the pointerchain di-
rective to provide these useful features to a developer to transfer
data, which eliminates the need for a complete implementation of
deep copy in a compiler and runtime library.

We have demonstrated the merit of pointerchain by im-
proving the efficiency and portability of scientific applications,
molecular dynamics (MD) simulations, on a heterogeneous com-
puting system. MD is an essential tool for investigating the dynam-
ics and properties of small molecules at the nano-scale. It sim-
ulates the physical movements of atoms and molecules with a
Hamiltonian of N-body interactions. Over the past three decades,
we have witnessed the evolution of MD simulations as a computa-
tional microscope that has provided a unique framework for under-
standing the molecular underpinning of cellular biology [4], which
applies to a large number of real-world examples [5-11]. Currently,
major MD packages, such as AMBER [12], LAMMPS [13], GROMACS
[14], and NAMD [15], use low-level approaches, like CUDA [16] and
OpenCL [17], to utilize GPUs to their benefits for both code exe-
cution and data transfer. They are not, however, equipped for the
dire challenge in next-generation exascale computing in which the
demand of parallelism [18] is achieved by the integration of a wide
variety of accelerators, such as GPUs [19] and many integrated
cores (MIC) co-processors [20,21], into the high-performance com-
putational nodes.

Legacy MD codes, which use low-level methods like CUDA and
OpenCL, require a steep learning curve, which is not an ideal sce-
nario for scientists. Therefore, scientists have been exploring the
utilization of high-level approaches like domain-specific and script-
based languages [22-25] in MD simulations. Such approaches,
however, demand significant code change, which is not feasible
in many cases. In such cases, the software has reached a matu-
rity level that the incorporation of other languages with various
levels of complexity is not a trivial task and may present un-
intended consequences. To overcome this dilemma and address
above-mentioned concerns, one can utilize directive-based pro-
gramming models [26-28]. These programming models, for in-
stance, OpenMP [29] and OpenACC [30], provide facilities to ex-
press parallelism with less code intervention. Scientists have first
hands-on experience in parallelizing their potential code regions
by inserting simple directive constructs into the source codes. To
that end, there have been many attempts recently to incorpo-
rate directive-based models into MD simulation frameworks [31-
33] and other disciplines in science [28,34-36]. Relying on direc-
tives helps developers deal with a single code base instead of one
for every upcoming architecture [37-40], and thus increasing the
application’s portability opportunities.

In this paper, we have chosen OpenACC as the targeting model
for realizing the pointerchain directive to reduce the burden
of data transfer in proxy code for molecular dynamics simulations
across HPC in scientific applications. Ratified in 2011, OpenACC is
a standard parallel programming model designed to simplify the
development process of scientific applications for heterogeneous
architectures [38,41]. The success of our approach provides far-
reaching impacts on modernizing legacy MD codes ready for the
exascale computing.

Following are the contributions of our research discussed in this
paper:

» We create a directive called pointerchain (Section 3) to
simplify the pointer management in scientific applications
(Section 2) thus reducing the lines of code required.

We apply our proposed directive on an MD proxy application,
CoMD [42]. We will also discuss the effect of pointerchain
on the source code and code generation process for CoMD in
the results section (Section 6).

We propose guidelines for parallelization of CoMD that can
also be applied to other legacy MD source codes, discussed in
Section 4.

Finally, we investigate the performance of CoMD implemented
with OpenACC in terms of scalability, speedup, and floating-
point operations per second (Section 6).

The remainder of this paper is structured as follows:
Section 2 describes the programmatic gap in current directive-
based programming models that handle multiple pointers.
Section 3 describes our proposed directive to fill the gap men-
tioned in Section 2. In Section 4, we provide a case study that
utilizes our proposed directive to parallelize a scientific applica-
tion. Sections 5 and 6 describe our evaluation system and the re-
sults of our conducted experiments. Related works are discussed in
Section 7. And finally, we conclude our paper in Section 8.

2. Motivation: The programmatic feature gap

Modern HPC platforms comprise two separate memory spaces:
the host memory space and the device memory space. A memory
allocation in one does not guarantee an allocation in the other.
Such an approach demands a complete replication of any data
structure in both spaces to guarantee data consistency. However,
data structures become more complicated as they retain complex
states of the application. Throughout this paper, we opt for the
C/C++ languages as our main programming languages in develop-
ing scientific applications.

Fig. 1 shows a typical case of the design of a data struc-
ture for scientific applications. The arrows represent pointers.
The number next to each structure shows the physical address
of an object in the main memory. Here, the main data struc-
ture is the simulation structure. Each object of this struc-
ture has member pointers to other structures, like the atoms
structure. The atoms structure also has a pointer to another
traits structure, and so on. As a result, to access the ele-
ments of the positions array from the simulation object
we would have to dereference the following chain of pointers:
simulation->atoms->traits->positions. Every arrow
from this chain goes through a dereference process to extract the
effective address of the final pointer. We call this chain of accesses
to reach the final pointer (in this case, positions) a pointer
chain. Since every pointer chain eventually resolves to a memory
address, we propose the extraction of the effective address and re-
place it with the chain in the code.

Currently, there are two primary approaches to address pointer
chains. The first approach is the deep copy that requires excessive
data transfer between the host and the device, as mentioned in
the Introduction. The second approach is the utilization of Unified
Virtual Memory (UVM) on Nvidia devices. UVM provides a single
coherent memory image to all processors (CPUs and GPUs) in the
system, which is accessible through a common address space [43].
It eliminates the necessity of explicit data movement by applica-
tions. Although it is an effortless approach for developers, it has
several drawbacks: (1) It is supported only by Nvidia devices but
not by Xeon Phis, AMD GPUs, and FPGAs, among others; (2) It is
not a performance-friendly approach due to its arbitrary memory
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Fig. 1. An example of a pointer chain: an illustration of a data structure and its children. To reach the position array, the processor must dereference a chain of pointers

to extract the effective address.

transfers that could happen randomly. The consistency protocol in
UVM depends on the underlying device driver that traces memory
page-faults on both host and device memories. Whenever a page
fault occurs on the device, the CUDA driver fetches the most up-
to-date version of the page from the main memory and provides it
to the GPU. Similar steps are taken when a page-fault happens on
the host.

Although deep copy and UVM address the data consistency,
they impose different performance overheads on the application.
In many cases, we are looking for a somewhat intermediate ap-
proach; while we are not interested in making a whole object
and all of its nested children objects accessible on the device (like
UVM), we aim at transferring only a subset of the data structures
to the device without imposing deep copy’s overhead. Our pro-
posed approach, pointerchain, is meant to be a minimal ap-
proach that borrows the beneficial traits of the above-mentioned
approaches. pointerchain is a directive-based approach that
provides selective accesses to data fields of a structure while of-
fering a less error-prone implementation.

3. Proposed directive and clauses
3.1. Proposed directive: pointerchain

As a compiler reaches a pointer chain in the source code, it gen-
erates a set of machine instructions to dereference the pointer and
correctly extract the effective address of the chain for both the
host and the device. Dereferencing each intermediate pointer in
the chain, however, is the equivalent of a memory load operation,
which is a high-cost operation. As the pointer chain lengthens with
a growing number of intermediate pointers, the program performs
excessive memory load operations to extract the effective address.
This extraction process impedes performance, especially when the
process happens within a loop (for instance a for loop). To allevi-
ate the implications of the extraction process, we propose to per-
form the extraction process before the computation region begins,
and then reuse the extracted address within the region afterwards.

We demonstrate the idea of extracting process from
a pointer chain using the configuration in Fig. 1. Fig. 2
shows an implementation of this configuration in the C++
code. In this configuration, we replace the pointer chain of
simulation->atoms->traits->positions with the
corresponding effective address of positions (in this case
0xB123). This pointer then is used for data transfer operations to
and from the accelerator and also with the computational regions.
It bypasses the transmission of redundant structures (in this case,
simulation, atoms, and traits) to the accelerator that, in
any case, will remain intact on the accelerator. The code executed

1 | typedef struct {
2
3 // position, momenta, and force in 3D space
4 double «positions[3];
5 | } Traits;
6 | typedef struct {
7
8 // position, momenta, and force in 3D space
9 Traits xtraits;
10 |} Atoms;
11 |typedef struct {
12
13 // atom data (positions, momenta, ...)
14 Atomss atoms;
15 |} Simulation;
16 | Simulation *simulation;
17 | for(int i=0;i<nAtoms;i++) {
18 simulation—>atoms—>traits—>positions[i][0] = ...;
19 simulation—>atoms—>traits—>positions[i][1] = ...;
20 simulation—>atoms—>traits—>positions[i][2] = ...;
21 |1

Fig. 2. A sample code and its data structures based on Fig. 1. In the commercial
softwares, due to the code maintainability purposes, the positions arrays are
accessed as shown below. The goal is to improve the software readability for future
references.

on the device will modify none of these objects. Moreover, it
keeps the accelerator busy performing “useful” work rather than
spending time on extracting effective addresses.

The targeted pointers are allocated either dynamically (malloc
API in C or new in C++) or statically (e.g., ‘double arr[128];’
at compile time). Since pointerchain is utilizing the effective
address of a chain, the allocation strategy does not affect how
pointerchain works.

Utilizing the effective addresses as a replacement to a pointer
chain, however, demands code modifications on both the data
transfer clauses and the kernel codes. To address these concerns,
we propose a set of directives that minimally change the source
code for announcing the pointer chains and for specifying the re-
gions that benefit from pointer chain replacements. The justifica-
tion for having an end keyword in pointerchain is that our
implementation does not rely on a sophisticated compiler (as we
will discuss in Section 3.2) to recognize the beginning and the
end of complex statements (e.g., the for loops and the compound
block statements). Our motivation behind utilizing a script rather
than a compiler was to minimize the prototyping process and to
implement our proof-of-concept approach by avoiding the steep
learning curve of the compiler design. The steps mentioned in the
Section 3.2 can also be supported with a modern compiler.
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Our proposed directive - pointerchain directive - accepts
two constructs: declare and region. Developers use declare
construct to announce the pointer chains in their code. The syntax
in C/C++ is as following:

#pragma pointerchain declare (variable [variable]..)
where variable is defined as below:

variable := name{typel: qualifier ]} where:

name: the pointer chain

type: the data type of the last member of the chain
qualifier: an optional parameter that is either
restrictconst or restrict. These will make the un-
derlying variable decorated with __restrict const and
__restrict in C/C++, respectively. These qualifiers provide
hints to the compiler to optimize the code with regard to the
effects of pointer aliasing.

The following lines show how to use begin and end clauses
with region construct after marking the pointer chains in the
source code with the declare clause. The pointer chains that
were previous declared in the current scope are the subject for
transformation in subsequent regions.

#pragma pointerchain region begin
<... computation or data movement...>
#pragma pointerchain region end

Our two proposed clauses (declare and region) pro-
vide developers with the flexibility of reusing multiple vari-
ables in multiple regions; however, there exists a condensed ver-
sion of pointerchain that performs the declaration and re-
placement process at the same time. The condensed version of
pointerchain replaces the declared pointer chain with its ef-
fective address in the scope of the targeted region. It is placed on
the region clauses. An example of a simplified version, enclosing
a computation or data movement region, is shown below:

#pragma pointerchain region begin declare
(variable [,variable]...)

<... computation or data movement...>

#pragma pointerchain region end

When our kernels (regions) have a few variables, the con-
densed version is a favorable choice in comparison to the
declare/region pair. It leads to a clean, high-quality code;
however, utilizing the pair combination helps with code readabil-
ity, reduces code complexity, and expedites porting process to the
OpenACC programming model. Having utilized modern compilers,
such compilers are able to incorporate the condensed version of
pointerchain with the OpenACC and OpenMP directives di-
rectly, as shown below for the OpenACC case.

#pragma acc parallel pointerchain (variable [,variable]...)
<... computations...>

Our proposed directive, pointerchain, is a language- and
programming-model-agnostic directive. In this paper, for imple-
mentation purposes, pointerchain is developed in C/C++ and
OpenACC. One can utilize it for Fortran language or target the
OpenMP programming model. We show a sample code about how
to use our proposed directive in Fig. 2.

In Fig. 2, the defined structures follow the illustration described
in Fig. 1. Lines 1-22 show the defined data structures we used.
Our computational kernel, lines 26-30, initializes the position of
every atom in 3D space in the system. These lines represent a nor-
mal, formal for-loop that has the potential to be parallelized by
directive-based programming models. Fig. 3 shows an example of
how to parallelize a for loop by exploiting pointerchain with
that for loop on lines 17-21 of Fig. 2. At first, we declared the

pointer chain (line 2), then utilized the region clause for data
transfer (Lines 4-6), and finally, utilized the region clause to par-
allelize the for loop (lines 9-16). No modification to the for
loop is required in comparison to Fig. 2. Fig. 3 also shows how
the pointerchain directives are transformed to a set of con-
formed C/C++ statements. A local pointer is assigned to the chain
of pointers, then the local pointer is utilized for both data trans-
fer and kernel execution. Despite its simplicity as shown in Fig. 3,
pointerchain provides certain flexibility to the system. For in-
stance, if we target only a multicore device, we easily ignore the
pointerchain directives in the code. Furthermore, if developers
perform this task manually, it will reduce the readability of the
code.

3.2. Implementation strategy

To simplify the prototyping process, we have developed a
Python script that performs a source-to-source transformation of
the source codes annotated with the pointerchain directives.
Our transformation script searches for all source files in the cur-
rent folder and finds those annotated with the pointerchain
directives. They are then transformed to their equivalent code.

Here is the overview of the transformation process. Upon en-
countering a declare clause, for each variable, a local variable
with the specified type is created and initialized to the effec-
tive address of our targeted pointer chain (variable name). If
qualifiers are set for a chain, they will also be appended.
Any occurrences of pointer chains in between region begin
and region end clauses are replaced with their counterpart lo-
cal pointers announced before by declare clauses in the same
functional unit.

Scalar variables (i.e. simulation->atoms->N) are treated
differently in pointerchain. We start by defining a local tem-
porary variable to store the latest value of the scalar variable. Then
all occurrences of the scalar pointer chain within the region are re-
placed with the local variable. Finally, after exiting the region, the
scalar pointer chain variable is updated with the latest value in the
local variable.

Introducing new local pointers to the code has some unwel-
come implications on the memory (stack) usage. They are trans-
lated into a memory space on the call stack of the calling function.
We have alleviated this burden by reusing the local variables that
were extracted from the pointer chain instead of reusing pointer
chains over and over again. This is especially beneficial when we
target GPU devices. We have investigated the implications of the
pointerchain from several perspectives including code genera-
tion, performance, and memory (stack) layout, and, compared the
results with UVM. We will discuss our findings regarding the im-
posed overheads by pointerchain in Section 6.

4. Case study: CoMD

The Co-Design Center for Particle Applications (COPA) [44], a
part of Exascale Computing Project (ECP), has established a set of
proxy applications for real-world applications [45] that are either
too complex or too large for code development. The goal of these
proxy applications is for vendors to understand the application and
its workload characteristics and for application developers to un-
derstand the hardware. The tools and software developers need
them for expanding libraries, compiler and programming models
as well.

CoMD [42] is a proxy application of classical molecular dy-
namics simulations, which represents a significant fraction of the
workload that the DOE is facing [46,47]. It computes short-range
forces between each pair of atoms whose distance is within a cut-
off range. It does not include long-range and electrostatic forces
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a pointerchain example

// Declaring the targeted pointer chain

F##pragma pointerchain region begin

O Ul W

#pragma pointerchain region end

-

©

// pointerchain region

9 | #pragma pointerchain region begin

10 | #pragma acc parallel loop

11 | for(int i=0;i<nAtoms;i++) {

12 simulation—>atoms—>traits—>positions[i][0] =

13 simulation—>atoms— >traits—>positions[i][1] = ..;
14 simulation—>atoms—>traits—>positions[i][2] =

15 |}

16 | #pragma pointerchain region end

#pragma pointerchain declare(simulation—>atoms— >traits—>positions{doublex }) —————————J» <

#tpragma acc data enter copyin(simulation—>atoms— >traits—>positions[0:N]) }—> b

11
o 12

final code transformation

1 | // Declaring the targeted pointer chain

2 | doublex __simulation_atoms_traits_positions__ =

3 simulation—>atoms— >traits— >positions;
4

5

#£pragma acc data enter copyin(_simulation_atoms_traits_positions__[0:N])

// pointerchain region

8 | #pragma acc parallel loop

9 | for(int i=0;i<nAtoms;i++) {

10 _simulation_atoms_traits_positions__[i][0]
_simulation_atoms_traits_positions__[i][1]

__simulation_atoms _traits_positions__[i][2]

13 |}

Fig. 3. An example on how to use pointerchain directive for data transfer and kernel execution. Required code transformation is also shown in this figure.

inherently. The evaluated forces are used to update atoms charac-
teristics (position, velocity, force, and momenta) via numerical in-
tegration [48].

Computations in CoMD are divided into three main kernels for
each time step: force computation, advancing position, and ad-
vancing velocity. The latter two kernels are considered as embar-
rassingly parallel (EP) kernels since their associated computations
are performed on each atom independently. The velocity of an
atom is updated according to the exerted force on that atom, and
the position of an atom is updated according to its updated veloc-
ity. The most time-consuming phase, however, is the force compu-
tation phase.

Computing the forces that atoms exert on each other follows
the equations of Newton’s Laws of Motions, which is based on
the distance between every pair of atoms; however, searching for
neighbors of all atoms requires an O(N?) computation complex-
ity, which is utterly inefficient. To overcome such an issue, CoMD
exploits the link-cell method. It partitions the system space by a
rectangular decomposition method in such a way that size of each
cell exceeds the cutoff range in every dimension. This way, neigh-
bors could be extracted from the cell-containing atom and the 26
neighboring cells around that cell. Through using link-cells, the
computational complexity decreases to O(27 x N), which essentially
is linear.

Algorithm 1 describes the CoMD phases. It follows the Verlet
algorithm [49] in MD simulations. In each time step, velocity is ad-
vanced at an interval of one half time-step, and the position is up-
dated for the full time-step based on the computed velocities. With
the updated velocity and position values, we update the forces for
all atoms. Later, velocities are updated for the remainder of the
time step to reflect the advances for one full time-step.

Algorithm 1 MD timesteps in Verlet algorithm.

Input: sim: simulation object
Input: nSteps: total number of time steps to advance
Input: dt: amount of time to advance simulation
Output: New state of the system after nSteps.
1: function TIMESTEP(sim, nSteps, dt)
2 for i < 1 to nSteps do
3 ADVANCEVELOCITY(sim, 0.5%dt)
4 ADVANCEPOSITION(sim, dt)
5: REDISTRIBUTEATOMS(Sim)
6
7
8

COMPUTEFORCE(sim)
ADVANCEVELOCITY(sim, 0.5%dt)
end for
9: KINETICENERGY(Sim)
10: end function

Updating the position of atoms leads to the migration of atoms
among neighbor cells and, in many cases, among neighbor proces-

sors. After position updates, link-cells are required to be updated
locally (intra node/processor) and globally (inter nodes/processors)
in each time step as well. This process is guaranteed to be done in
the REDISTRIBUTEATOMS function of Algorithm 1.

Force calculations in the Verlet algorithm are derived from the
gradient of the chosen potential function. A well-known inter-
atomic potential function that governs relation of atoms and is ex-
tensively used in MD simulations is Lennard-Jones (LJ) [50]. CoMD
supports an implementation of L] to represent force interaction be-
tween atoms in a system. The LJ force function will be called in-
side the ComputeForce kernel in Verlet algorithm (Algorithm 1).
Moreover, CoMD also supports another potential function known
as the Embedded Atom Model (EAM), which is widely used in
metallic simulations. In this paper, due to its simplicity in design
and the fact that it is widely used in protein-folding applications,
we will be focusing on the LJ potential function.

4.1. Reference implementations

CoMD was originally implemented in C language and it uses
the OpenMP programming model to exploit the intra-node paral-
lelism and MPI [51] to distribute work among nodes [42]. Cicotti
et al. [52] have investigated the effect of exploiting a multithread-
ing library (e.g. pthreads) instead of using the OpenMP and MPI
approach. In addition to the OpenMP and MPI implementations, a
CUDA-based implementation was also developed in C++ language
[47]. These reference versions include all of the three main ker-
nels: force computation, advancing velocity, and advancing posi-
tion of atoms. Developers used CUDA to be able to fully exploit
the capacity of the GPUs. As a result, the data layout of the applica-
tion was significantly changed in order to tap into the rich capacity
of the GPUs. Naturally, this puts a large burden on the developers
and, the code cannot be used on any other platforms other than
NVIDIA GPUs. Both OpenMP and CUDA implementations were op-
timized to utilize the full capacity of the underlying hardware. In
our paper we focus on the optimizations beneficial to the OpenACC
implementation.

4.2. Parallelizing CoMD with OpenACC

This subsection is dedicated to the discussion of porting CoMD
to a heterogeneous system using the OpenACC programming
model. We started with the OpenMP code version for this port-
ing process instead of the serial code. This may not be the best
approach because in most cases the OpenMP codes are well-tuned
and optimized for shared memory platform but not for heteroge-
neous systems, especially the codes that have used OpenMP 3.x.

As the first step, we profiled the code and discovered that the
force computation (line 6 in Algorithm 1) was the most time-
consuming portion of the code. Consequently, it urges us to port
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force computations to the device requiring the transfer of both
the computational kernel and its data (the data that the kernel is
working on) to the device. If we accelerate only the force compu-
tation kernel, however we need to transfer data back and forth to
and from the device for each time step, which will lead to dra-
matic performance degradation. That is, it imposes two data trans-
fers (between host and device) for each time step. As a result, this
pushes us to parallelize other steps (line 3, 4, and 7) too. Hence,
data transfers can be performed before (line 2) and after (line 8)
the main loop.

The REDISTRIBUTEATOMS step (line 5) guarantees data consis-
tency among different MPI [51] ranks. Since MPI functions are
allowed to be called only within the host, the data have to be
transferred back to the host for synchronization purposes among
the ranks. After performing synchronization, the updated data are
transferred from the host to the device. The synchronization pro-
cess is done on every time step to maintain data consistency. Con-
sequently, two data transfers are performed in this step between
the host and the device, and, since no remarkable computations
were performed in this step, no parallelization was required for
this step.

Based on our analysis, the parallelization of the three above-
mentioned kernels (ComputeForce, AdvancePosition, and
AdvanceVelocity) contributes the most towards the perfor-
mance of our application because they are the most time-
consuming computational kernels. Although the latter two ker-
nels may seem insignificant due to their smaller execution time,
they will progressively affect the wall clock time of the appli-
cation in the long run. Thus, the focus of our study is applying
performance optimization on these three kernels. Our measure-
ments reveal that our OpenACC implementation was able to reach
the same occupancy level as that of the CUDA implementation.
Force computation, however, is more complex and requires more
attention with respect to its optimization opportunities; however,
we can safely use the OpenACC version of ComputeForce and
AdvancePosition kernels with their CUDA counterparts with
no performance loss.

Considering the difficulties in dealing with pointers, we have
four options to parallelize CoMD: (1) UVM, (2) deep copy, (3) sig-
nificant code changes to transfer data structures manually, and
(4) pointerchain. Step 1 in our proposed steps represents the
UVM approach and, as elaborated in Section 2, it has several dis-
advantages. Deep copy is not yet fully implemented in many com-
pilers. The third option, significant code changes performed man-
ually, is not a favorable approach for developers, and it contra-
dicts the philosophy of OpenACC. That brings us to our fourth and
the last option, pointerchain. Annotating CoMD’s source codes
with pointerchain directive helps us to easily port CoMD to
OpenACC and it also helps us apply the different optimizations
listed in the Table 1. Please refer to the Supplementary Material
(Section A) for detailed description of each step.

Table 1 provides a brief description of the ten steps taken in
this paper to parallelize CoMD. Fig. 4 shows the order in which
we took the steps. These steps also provide a roadmap for paral-
lelization of any other scientific applications using OpenACC. The
pointerchain column shows whether our proposed novel directive
has been used for a step or not. Without the pointerchain di-
rective, the source code needs to undergo numerous modifications.
Such modifications are error-prone and cumbersome for develop-
ers.

We would like to add that to the best of our knowledge, point-
erchain is the ideal candidate for applications that heavily utilize
multiple nested data structures. Particularly, it is the innermost
data structure that benefits from parallelization the most. Nested
data structures is a very common approach in MD and other sci-
entific domains to maintain the simulation state of the application.

Fig. 4. Relationship among steps.

For instance, other real-world and proxy applications like min-
iMD [53], miniAMR [53], miniFE [53], GROMACS [14], and LAMMPS
[31] have nested data structures in their source code similar to
CoMD. We chose CoMD due to its similarity to MD simulation ap-
plications.

Real-world simulation applications, such as GROMACS
and LAMMPS, are very time-consuming. For instance, a two-
microsecond simulation will take weeks and months to finish.
Consequently, applying pointerchain to the real-world applications
and investigating its effects will require quite a long time before
arriving at meaningful results. Hence, we use a proxy code, CoMD,
to demonstrate the applicability of our approach and showcasing
promising results. There is definitely potential to apply our method
to real-world applications in the near future or as part of our next
publication.

5. Evaluation

We used three HPC clusters for our experiments in this paper.
The BigRed II [54], housed at Indiana University (IU), contains Cray
XK7 with 1020 compute nodes, where their GPU-accelerated nodes
have one AMD Opteron 16-core Interlagos x86-64 CPU, 32 GB of
RAM, and an NVIDIA Tesla K20 GPU accelerator. NVIDIA’s K20 has a
peak single-precision FLOP rate of 3.52 TFLOPS and memory band-
width of 208 GB/s and is equipped with 5 GB of GDDR5 memory.
We used PGI compiler and CUDA toolkit with versions 17.7 and
7.5.17, respectively.

The UHPC [55] cluster, located at the University of Houston,
hosts compute nodes of type HPE Apollo XL190r Gen9. They are
equipped with a dual Intel Xeon Processor E5-2660 v3 (10 cores)
running at 2.6 GHz with 128 GB of memory. An NVIDIA Tesla K80
GPU with 12 GB of GDDRS5 is connected through PCI-Express Gen3
to compute nodes, which is capable of transferring 15.75 GB/s be-
tween main memory and the GPU. PGI compiler version 17.5 and
CUDA Toolkit 8.0 was used on this cluster to build our codes.

The NVIDIA [56] cluster hosts nodes with dual socket 16-core
Haswell E5-2698 v3 at 2.30GHz and 256 GB of RAM. Four NVIDIA
Pascal P100 GPUs are connected to this node through a PCI-Express
bus. NVIDIA’s P100 leads to a peak performance of 10.5 TFLOPS and
memory bandwidth of 160 GB/s. P100’s memory system is a 16 GB
GDDR5 memory. We used ICC 17.0 to compile the OpenMP opti-
mized code for Intel architectures. To compile CUDA and OpenACC
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Table 1
Overview of all steps that were applied to CoMD. The pc column designates whether pointerchain was applied at that step or not.

S. Title pc  Description

1 Kernel parallelization X Relying on the UVM for data transfer. Annotating the potential kernels with
#pragma acc kernels.

2 Efficient data transfer v Disabling UVM and specifying manual data transfer between host and device.
We started using pointerchain from this step forward. #pragma acc
kernels for parallelization.

3 Manual parallelization v Utilizing #pragma acc parallel on kernels instead of #pragma acc
kernels. Designating gang and vector levels on multi-level loops.

4 Loop collapsing v Collapsing tightly nested loops into one and generating one bigger, flat loop.

5a  Improving data locality (dummy field) v Adding a dummy field to make data layout cache-friendly.

5b  Improving data locality (data reuse) v Improving the locality of the innermost loops by employing local variables in

the outermost loops.

Modifying layout as described in details in the Supplementary Material.
Enabling pinned memory allocations instead of regular pageable allocations.
Setting gang and vector parameters for parallel regions.

Manually setting an upper limit on the number of registers assigned to a

vector at compilation time.

5¢ Improving data locality (layout modif.) v
6 Pinned memory effect v
7 Parameters of parallelism v
8 Control resources at compile time v
9

Unrolling fixed sized loops v
10 Rearranging computations v

Unrolling one of the time consuming loops with fixed iteration count.
Applying some code modifications to eliminate unnecessary computations.

Level 0
[TTTTI
Level 1
T—{ [T T TTT
Level 2
]
=TT TTTI
Level 3
]
——]
(T T T T T

Fig. 5. Synthetic structures.

codes, we used CUDA Toolkit 9.0.176 and PGI 17.10, respectively. A
number of PSG nodes are also equipped with NVIDIA Volta V100.
They have 16 GB of memory with bandwidth of 600 GB/s and
the peak theoretical performance of 14 TFLOPS in single-precision
mode.

6. Results

We show results from our experiments in this section. First,
we use a set of synthetic codes to discuss the overhead imposed
by pointerchain. We show that elongating pointer chains ad-
versely affects the performance. Secondly, we present the perfor-
mance results of parallelizing and accelerating CoMD using Ope-
nACC. The performance implications of pointerchain in each
step is included in our measurements.

6.1. pointerchain overhead

We investigated the effect of our proposed directive,
pointerchain, on a set of synthetic codes. These synthetic
codes reveal that elongating pointer chains affects the code gener-
ation on both the host and the device and the stack memory usage
of the application. Fig. 5 depicts the synthetic structures in our
experiments. At Level 0, we start with no chains (i.e., introducing
an extra pointer to hold current pointer) and then increase the
pointer levels one by one. At Level 1, a data structure has a pointer

Table 2

The effect of pointerchain on code generation for different architectures
(x86-64 and NVIDIA K80) on the UHPC cluster [55]. Numbers in the ptc (A)
columns show the extra lines/instructions imposed by the pointerchain
method with respect to their UVM counterparts. All the results are median
values of 20 runs, and they belong to the synthetic benchmarks.

Source Code Assembly

C Source Code Device (PTX) Host (X86-64)

Level UVM ptc (A) UVM ptc (A) UVM ptc (A)
0 11 +3 55 0 2510 +24

1 18 +3 53 -6 2620 +42

2 24 +3 72 -25 2740 -2

3 30 +3 77 -30 2827 -10

Instructions at the execution time

Device Host (user level) Host (kernel level)
Level UVM ptc (A) UVM ptc (A) UVM ptc (A)
0 6952 0.00 142967  -28 1342851 +1925
1 11060 —1896 142167 -1 1347762  —2788
2 14852  -5688 148755  +12 1529134  -3706
3 14457  -5293 148755  +12 1527692  +2596

to the main data array. At Level 2, we add another intermediate
level to the chain. Such a transformation adds an extra pointer-
dereferencing process to extract the effective address. At Level 3,
we increase the chain size by adding another intermediate layer to
reach the final array. At this level, we dereference three pointers
to reach the final address and eventually extract the effective
address. Each synthetic structure was implemented in a simple
C program for both UVM and pointerchain. The following
discussions show the overhead that pointerchain imposes on
the applications in comparison to UVM.

6.1.1. Code generation

The pointerchain directive affects the process of code gen-
eration in three aspects: (a) total lines of C source code, (b) total
lines of assembly code generated for both the host and the device,
and, (c) total number of instructions executed by the application at
run time. Such codes generated by pointerchain positively im-
pact the address dereferencing process on the device, as discussed
in Section 3. The generated codes are free of instructions that are
required to extract the effective addresses. We show how a few
extra lines of pointerchain - three lines in our case - leads
to dramatic reductions in the number of generated and executed
instructions, especially on the device.
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Table 2 shows the values measured for the above-mentioned
metrics. We tabulated results as we stepped through each of the
four levels. Each row represents a level as shown in Fig. 5, and the
columns represent different methods, UVM and pointerchain.
The results for pointerchain, shown as ptc (A), represent addi-
tional lines that pointerchain imposes on the source code with
respect to the one that utilizes UVM.

Let us look into the metrics and our results in detail:

a) Total number of modified C source code: As a classic metric to
measure code complexity quantitatively, we counted lines of code
(LOC) using the cloc tool [57]. This shows the efforts taken by
developers to add directives to the code. With UVM, for exam-
ple, Level 2 took 24 lines of code for implementation. The addi-
tion of pointerchain increased it by only 3 lines - one line
for declare directive and two lines for region begin and
region end directives. This metric represents the amount of ef-
fort required to implement the code with a particular approach:
UVM or pointerchain. It estimates the productivity and main-
tainability of the approach.

b) Total number of assembly code generated for both the host and
the device: For the host code, we relied upon the output assembly
code from the PGI compiler to count the LOC of files with cloc.
For the device code, we generated PTX files with the —-keepptx
flag at the compile time with the PGI compiler, then counted
their LOC. They are pseudo-assembly files used in NVIDIA’'s CUDA
programming environment. The compiler translates these files into
a final binary file for execution on the device. For example, for
Level 2, the LOC of PTX-generated code for UVM was 72; however,
adding pointerchain reduced LOC by 25 (34% reduction).
Similarly, for the host, the LOC of UVM was 2740 and utilizing
pointerchain reduced this by 2 LOC. This metric shows how
utilizing pointerchain affects code generation. These numbers
are interesting for compiler developers who might adapt our
approach in their compiler.

c¢) Total number of instructions executed at execution time:  We
have measured the total executed instructions on the device and
the host (at user and kernel levels). The nvprof tool from NVIDIA
(with -m inst_executed option) counts instructions on the
device. For the host, the counting of instructions was performed
by the perf tool from Linux. Table 2 reveals how pointerchain
reduces device code as we dropped the required chain of instruc-
tions to extract effective address. For instance, at Level 2, the
total number of executed instructions for UVM is 14,852, whereas
pointerchain utilization reduces it by 5688 instructions (38%
reduction). On the host, pointerchain led to a reduction of
3706 instructions, in comparison to its UVM equivalent. The
device-side code definitely benefited from pointerchain by a
large margin.

6.1.2. Stack usage

pointerchain affects the stack memory on the host by
introducing extra local variables to the source code. Local variables
in C/C++ translate to an address in the stack memory section of a
program. As a result, pointerchain directly impacts the stack
usage on the host. Introducing more local variables to the code
eventually increases stack memory usage of a program. We have
measured the peak level of stack usage for the synthetic appli-
cations with Valgrind [58]. It tracks the stack usage through the
execution time of a program and records a snapshot of them. Then,
we extract the maximum value from those snapshots. Fig. 6 shows
the results for the stack usage in the presence of pointerchain.
We considered any extra stack allocation on top of UVM’s peak
value as our stack overhead. The overhead for all four levels is less
than 6% (773Bytes). This shows how pointerchain leads to low
implications on the source code.

20,000

[ UvM = pointerchain

15,000 9 B — —

10,000 A

5,000 A

Stack size (Bytes)

Level

Fig. 6. Stack memory usage with respect to different levels of pointer chains. The
results are average of 20 runs and confidence interval of 95%.

6.2. Porting CoMD: performance implications

We ported CoMD to heterogeneous systems using OpenACC and
applied the optimization steps, as mentioned in Table 1. We dis-
cuss the influence of each step on the final outcome.

6.2.1. Measurement methodology

We relied on the NVIDIA’s nvprof profiler for device measure-
ment. It provided a minimum, a maximum, and an average execu-
tion time, a driver/runtime API calls, and a memory operation for
each GPU kernel. It is a handy tool for those who tune an appli-
cation to achieve maximum performance of GPUs. All simulations
were executed with single precisions.

6.2.2. Model preparation

To extract optimal values for gang and vector parameters, we
traversed through a parameter search space for them. We also in-
vestigated the effect of manually choosing number of registers at
compile time over the performance. Through the rest of this pa-
per, we used the extracted optimal values for gang, vector, and
register count parameters. Please refer to the Supplementary Mate-
rial for detailed discussion on characterizing the above-mentioned
parameters.

6.3. Speedup for each parallelization step

To observe the accumulated effect on the final result, our mod-
ifications in each step were implemented on top of its preceding
steps unless noted. Please refer to Fig. 4 for the causal effect be-
tween each consecutive step.

Fig. 7 illustrates the impact of each step on our program by
showing changes in the execution time of the three kernels. We
included the results from the CUDA and OpenMP versions. The
OpenMP version was compiled with both Intel' and PGI> compiler,
shown as OMP-ICC and OMP-PGI, respectively. Besides targeting
OpenACC for NVIDIA GPUs, we also retargeted our OpenACC code
for multicore systems (ACC-MC in the figures). We did not modify a
single line of code when retargeting our code to multicore systems
with OpenACC. We changed only the target device from NVIDIA
Tesla to multicore at compilation time. Results are shown for both
small (bottom) and large (top) data sizes; they are normalized with
respect to CUDA.

Enabling UVM on the memory-intensive kernels impedes per-
formance in the first few steps. The reduction in execution time is
in several orders of magnitude while proceeding from Step 1 to 2.
The same trend was observed from Step 2 to 3 for all three kernels.

! Intel Compiler flags: -Ofast -03 -xHost -qopenmp.
2 PGI Compiler flags: -mp -fast -03 -Mipa=fast.
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Fig. 7. Normalized execution time after applying all optimization steps and run on NVIDIA P100. After applying all 10 steps on the OpenACC code, we were able to reach
61%, 129%, and 112% of performance of the CUDA kernels for ComputeForce, AdvancePosition, and AdvanceVelocity, respectively. Step 8* is similar to Step 8 but
it exploits suggested register count by CUDA Occupancy Calculator for full occupancy of warps in NVIDIA GPUs. Results are normalized with respect to CUDA.

Due to developers’ insight on data layout and parallelism opportu-
nities, the impact of proposed changes in these steps is significant
in comparison to the compiler’s insights.

The next significant reduction in execution time happens when
data-locality improves by reusing variables (from Step 5A to Step 5B
and Step 5C). Such an improvement is due to the reduction in the
physical memory accesses by caching such accesses with local vari-
ables. To compute exerted force on Atom A, we looped through
all atoms in the vicinity and computed the force between them.
Therefore, instead of redundantly loading Atom A from memory for
each loop iteration, we have loaded it once before the inner loop
and reused it within the loop as many times as possible.

Step 7 marks the next substantial reduction in the execution
time for our compute-intensive kernel. At Step 7, we set the gang
and vector parameters to their optimal values from Supplemen-
tal Materials (Section B) and (collected measurements for each ker-
nel. Manually setting these parameters enables the scheduler to is-
sue extra gangs on the device and keep the resources busy at all
time (in comparison to the choices by compiler).

Inefficient utilization of resources leads to performance loss.
When kernels use registers optimally, we see 16% performance
gain from Step 7 to 8. Increasing the number of utilized reg-
isters for all kernels is not beneficial to the performance. In a
sense, kernels with different traits require different considerations.
As our experiments reveal how memory-intensive kernels do not
benefit from a large number of registers, it is better to limit
the register count for such kernels. On the other hand, compute-
intensive kernels benefit highly from a large number of registers
since they minimize the access of global memory for temporary
variables.

Elimination of redundant reduction operations, as described in
Step 10, boosted the performance and helped our implementation
to reach performance to that of CUDA’s. Rearrangement of compu-
tations and elimination of unnecessary redundant operations has
definitely led to performance gain.

We have discussed ten optimization steps in this paper that for
our proxy application, CoMD, boosted the ComputeForce kernel’s
performance by 61-74% in comparison to its counterpart written
in CUDA. Although OpenACC did not reach CUDA’s efficiency, it got
close to its performance with a very small code modification foot-
print. Additionally, our OpenACC code is portable to another archi-
tecture without needing to change any portion of the code; how-
ever, a CUDA-based application needs to be updated or revisited
every time when the architecture is upgraded, thus affecting main-
tenance of the code base. The memory-intensive kernels are per-
forming better than their counterparts written in CUDA, as noted
from Step 7 for both small and large data sizes. This improvement
is probably due to scheduler-friendly instruction generation by the
PGI compiler.

Further investigation of the generated PTX code in either
CUDA or OpenACC version reveals why AdvancePosition and
AdvanceVelocity kernels perform better when implemented
with OpenACC in comparison to CUDA. In the CUDA version, each
thread is only responsible for one single iteration of the loop
targeted for parallelism; however, in the OpenACC version, each
thread is responsible for multiple iterations of a loop. This shows
how parallelization granularity affects performance for different
kernel types. The memory-intensive kernels do not benefit from a
fine-grained approach since they inherently benefit from the spa-
tial locality of data used in the consequent iterations. Moreover,
unnecessarily oversubscribing the CUDA scheduler adversely af-
fects the performance in case of memory-intensive kernels. This is
not, however, the case for the compute-intensive kernels.

6.4. Floating-point operations per seconds

We measured the floating-point operations per second (FLOPS)
of our kernels under study and compared it with the CUDA imple-
mentation for one GPU. FLOPS is one of the most common metrics
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Fig. 8. Giga floating-point operations per second (GFLOP/s). In case of ComputeForce kernel, despite comparable speedups with respect to CUDA, the number of floating-
points operations that OpenACC implementation executes is behind CUDA’s performance; however, other kernels are performing close to CUDA’s performance. OpenACC
implementation of AdvanceVelocity performs better that its CUDA counterpart. Measurements are performed on Nvidia’s P100 from PSG. Higher is better.

in scientific domain used to measure the performance of the un-
derlying systems, particularly in MD domain.

There is an increasing gap between the implementations of
ComputeForce kernel and a decreasing gap for memory-intensive
kernels in Fig. 8. For the latter ones, the difference is negligible and
in case of AdvanceVelocity, the OpenACC version is performing bet-
ter than CUDA. The case for ComputeForce kernel is different, how-
ever. As it becomes complicated for the OpenACC compiler to apply
necessary optimization techniques on that kernel, the performance
gap between the OpenACC and CUDA implementations increases.
When developers take advantage of the interoperability feature of
OpenACC to run CUDA kernels within OpenACC code, they are al-
lowed to manually tune the bottleneck kernels that do not neces-
sarily benefit from the compiler-generated code; however, this will
adversely affect the portability of OpenACC codes.

Fig. 8 shows how the OpenACC version maintains the computa-
tion sustainability of the floating-point operations as the number
of atoms increases. Similar to the CUDA implementation, the Ope-
nACC implementation does not lose performance as system size in-
creases exponentially.

6.5. Scalability with data size

We investigated the scalability of our OpenACC implementa-
tion with respect to varying system sizes. We changed the sys-
tem size from 32,000 to 2,048,000 atoms and measured the per-
atom execution time for five implementations; OpenACC-GPU (acc-
GPU), OpenACC-Multicore (acc-MC), CUDA, Open MP-ICC (OMP-
icc), OpenMP-PGI (OMP-pgi). The results are depicted in Fig. 9 for
NVIDIA’s PSG cluster. Interestingly, our OpenACC implementation
scales with the system size without any performance loss. As dis-
cussed in the last section, we experienced better performance with
OpenACC than using CUDA for memory-intensive kernels.

Another interesting observation is that there is no significant
gap between OpenACC-Multicore and its OpenMP counterparts. In
some cases, OpenACC performs better than the Intel optimized
OpenMP version for Haswell processors on the PSG platform. In
comparison to the generated code for OpenMP by the PGI com-
piler (OMP-PGI), OpenACC code performs better in the case of the
ComputeForce kernel.

6.6. Scalability measured at different architectures

Upcoming new architectures have a positive impact on the scal-
ability of systems. Fig. 10 shows the scalability of different ar-
chitectures; BigRed’s K20, UHPC’s K80, and PSG’s P100 and V100.

The gap between CUDA and OpenACC implementations narrows as
the underlying architecture evolves positively. Results in this sec-
tion are based on the utilization of one single GPU. Fig. 10 also
shows the speedup of each kernel and each programming model.
As we expected, there is no significant improvement between K20
and K80 architectures since both of them are based on the same
architecture (Kepler); however, as architectures improve, we ob-
served a boost in performance. The five-fold improvement in mem-
ory performance from K80 to P100 is credited with the speedup in
memory-intensive kernels.’

With respect to the processing power of modern GPUs, as ar-
chitectures improve progressively, so does their performance. The
Kepler architecture performs 6 TFLOPS,* while performance of the
new generation of GPU processors, which are based on the Volta
architecture, has doubled (14 TFLOPS). One can observe how a
two-fold improvement in floating-point operations per second has
led to an increase of one order of magnitude in performance
of a compute-bound kernel, particularly the OpenACC version of
ComputeForce. In the 500,000-atom case, one is able to observe
more than 25X speedup with respect to K20 for the OpenACC ver-
sion.

6.7. Scalability with multiple GPUs

We have investigated the scalability of our OpenACC implemen-
tation for more than one GPU. NVIDIA’s Pascal P100 has four GPUs
inside the PCI card. For each GPU, an MPI process is initiated and
that process takes control of a single GPU. All processes communi-
cate through the MPI library to distribute workload among them-
selves. The original implementation of CoMD (OpenMP and CUDA)
supports MPI. Our contributions in this paper are focused merely
on the parallelization within a node. For inter-node paralleliza-
tion, we rely on the workload distribution provided by the original
OpenMP version with MPIL.

Results, depicted in Fig. 11, show speedups with respect to 100
timesteps of CoMD with different system sizes. The ComputeForce
kernel shows promising results for both system sizes. The OpenACC
implementation scales better in comparison to its CUDA imple-
mentation; The other two memory-intensive kernels do not benefit
from multi-GPU scalability of OpenACC code due to the fact that
they spend most of their time waiting for memory. Consequently,
they do not benefit from the extra computational resources in

3 From a GDDR5 memory with 240 GB/s in bandwidth in K80 to a HBM2 memory
with 732 GB/s in P100.
4 tera floating-point operations per second.
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Fig. 12. Scalability of implementations on NVIDIA V100. For 2,048,000-atom system, OpenACC and CUDA scale linearly with number of GPUs. In case of ComputeForce,
OpenACC shows more scalable performance in comparison to CUDA. AdvanceVelocity kernel display a super-linear performance for CUDA.

comparison to our compute-intensive kernel. Such a conclusion,
however, is not true for their CUDA counterparts, and they show
linear speedup for 2,0480,000 atoms.

Fig. 12 displays results for V100. Similar to its predecessor Pas-
cal P100, Volta V100 also has four GPUs inside the PCI card. All
the algorithms show linear (or super-linear) scalability when our
system size is large. The scalability of our implementation is com-
parable to the CUDA’s, and in the case of the ComputeForce
kernel, OpenACC performs better. When our system size is not
large enough, OpenACC's scalability of the ComputeForce kernel
is 59% and 70% better for two and four GPUs, respectively. In the
case of the other two kernels, CUDA and OpenACC's scalability are
similar.

Fig. 11 shows the super-linear scalability for the three ker-
nels with 2,048,000 atoms. The OpenACC’'s ComputeForce kernel is
super-linear due to the utilization of a cut-off range within the al-
gorithm, which leads to skip atoms in far distance. Skipping such
atoms leads to skipping some iterations of the main loop, which in
turn helps the kernels to skip unnecessary computations and reach
super-linearity. On the other hand, the efficient cache utilization
of CUDA’s AdvancePosition and AdvanceVelocity kernels has led to
a super-linear speedup in performance. Fig. 12 depicts similar re-
sults on V100 architecture. Due to improvements in cache perfor-
mance of V100 architecture in comparison to P100,” the two CUDA
kernels that were underutilized on P100 show linear performance.
Figs. 11 and 12 show how CoMD shows sub-linear speedups for
32,000 atoms for all three kernels due to high overhead of work-
load distribution. When our system size is small, CoMD does not
benefit from the multi-device distribution. However, as we increase
the system size, we notice an explicit improvement in the speedup
of the kernels.

6.8. Effects on the source code

OpenACC does not impose a significant impact on source code
size and maintenance; thus, it retains the integrity of a complex
scientific application. Similar to OpenMP, developers are not re-
quired to write excessive lines of code to maintain the state of the
application and accelerators. As a result, we exploited lines of code
(LOC) to quantitatively measure the code complexity. The measure-
ment was performed with the cloc [57] tool. Table 3 presents the
results for the LOC for each step. We used reference implementa-
tion of CoMD (the OpenMP version) as the starting point for our
porting process to OpenACC. The LOC column shows that the to-
tal extra lines of code required to implement that step with re-
spect to OpenMP implementation as the base version. The third

5 The L2 cache size has increased from 4 MB in the P100 to 6 MB in V100.

Table 3

Effect of the OpenACC adaption on the source code - lines of
code (LOC) column shows extra line required to implement
this step with respect to the OpenMP implementation as the
base version. The third column (%) shows the increase with
respect to the base version.

Step LoC % Step LoC %
OpenMP 3025 - Step 5C  +165 5.45
Step 1 +2 0.07 Step 6 +163 539
Step 2 +99 327 Step7 +198 6.55
Step 3 +103 34 Step 8 +198 6.55
Step 4 +109 3.6 Step 9 +187 6.18
Step 5A +109 3.6 Step 10 +215 711
Step 5B +125 413 CUDA +4745 157X

column (%) shows the percentage with respect to the base ver-
sion. CUDA implementation doubles the code size in comparison
to the OpenMP version; however, for OpenACC, LOC is less than
8%. Results in Table 3 include the LOC from Step 2 to 10 with extra
pointerchain lines. In some transitions from one step to the
next (e.g., Step 7 to 8), there is no difference in LOC. That is, we
changed only the compilation flags, which naturally does not count
towards the LOC count.

7. Related work

The other directive-based programming model focusing on tar-
geting GPUs is OpenMP [29]. In its early stages, OpenMP 3.1 pri-
marily supported only shared memory processors. With proces-
sors becoming increasingly heterogeneous, OpenMP has extended
its support for such systems. OpenMP 4.5 has also introduced rou-
tines to associate/disassociate device pointers with their counter-
parts on the host, which is essential for deep copy implementa-
tion. Similarly, OpenACC has also introduced attach/detach to their
API to assist developers in assigning correct pointers on the host.
Despite having such functionalities, deep copy has not been fully
implemented by the directive-based programming models.

Recent efforts in C++ performance portability libraries, such as
RAJA [59], Kokkos [60], StarPU [61], and SkePU [62] provide facili-
ties that make the applications less susceptible to underlying hard-
ware changes. They allow developers to write applications such
that applications can be recompiled, with minimal code changes,
for different devices. Both libraries rely heavily on the C++ abstrac-
tions to address portability. In Kokkos, switching between Arrays
of structures (AoS) and Structures of Arrays (SoA) data layout is as
easy as changing a template parameter in the source code. Simi-
larly, SkePU ensures the data consistency with the utilization of the
concept of Smart Pointers in the code, without relying on a com-
plete replication of data between CPUs and GPUs. Nevertheless,
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utilizing such libraries requires major modifications and changes
to be applied to the source codes to support then full features that
they provide.

Other efforts for CPU-specific approaches, like Cilk [63] and TBB
[64] from Intel, employ abstract yet low-level programming inter-
faces to parallelize the code with tasks and threads on multicore
architectures only. Other library-based approaches and APIs have
also been introduced for GPUs that simplify GPU programming for
developers; for instance, Thrust [65] and ArrayFire [66]. Although
the aforementioned library-based approaches are convenient, they
are not flexible for general-purpose development and need, to
some extent, major modifications to current existing codes.

8. Conclusion

This contribution proposes a novel high-level directive, point-
erchain, to reduce the burden of data transfer in a scientific
application that executes on the HPC systems. We have em-
ployed a source-to-source transformation script to translate the
pointerchain directive to conformed statements in C/C++ lan-
guage. We observed that using the pointerchain directive leads
to 36% reduction in both generated and executed instructions on
the GPU devices. We evaluated our directive using CoMD, an MD
proxy application. By exploiting OpenACC directives on the CoMD
code, OpenACC code outperforms CUDA on two out of three ker-
nels while it achieves 61% of the CUDA performance the third ker-
nel. We showed a linear scalability with growing system sizes with
OpenACC. We provided a step-by-step approach readily applicable
to any other application. As part of our near future work we will
extend our implementation to support multi-node execution.
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