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ABSTRACT

Hard-core interacting particle methods are of increas-
ing importance for simulations and game applica-
tions as well as a tool supporting animations. We
develop a high accuracy numerical integration tech-
nique for managing hard-core colliding particles of
various physical properties such as differing interac-
tion species and hard-core radii using multiple Graph-
ical Processing Unit (m-GPU) computing techniques.
We report on the performance tradeoffs between com-
munications and computations for various model pa-
rameters and for a range of individual GPU models
and multiple-GPU combinations. We explore uses
of the GPU Direct communications mechanisms be-
tween multiple GPUs accelerating the same CPU host
and show that m-GPU multi-level parallelism is a
powerful approach for complex N-Body simulations
that will deploy well on commodity systems.
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1 Introduction

Models based upon classical N-Body particle systems
[2] are commonly used at various levels of approxi-
mation in game simulations [5,11,12] but still play an
important role in understanding physical phenomena
such as diffusion, phase mixing and separation [4],
and other behaviours that arise from specific geomet-
ric distributions.

Considerable work has been reported in the litera-
ture on uses of molecular dynamics whereby approx-
imate potential models are used to simulate atomic

Figure 1: Three-dimensional particle system with
rigid walls.

and molecular systems [14, 30, 36]. A recent review
by Larsson and co-workers [26] points out that there
is still considerable scope for improved algorithms
and for hybrid solutions to the molecular dynamics
N-Body applications problem.

Another N-Body application area of significance is in
simulating astrophysical phenomena including: gen-
eral relativity systems [44]; cosmological simulations
[37]; simulations related to dark matter theories [25];
and other modifications to Newtonian gravity [39]. A
body of recent important work is progressing in this
field where simulation provides an important means
of exploring the implications of various theories of
dark matter.

It is therefore of continuing importance to understand
the computational performance for N-Body particle
system simulations and indeed such simulations have



found use as benchmark kernels for high-performance
computing systems [8, 19, 20, 23,29, 33, 38].

In the limit of a large number of particles and a ther-
modynamically equilibrated system a simple bench-
mark rating such as number of particle updates per
second suffices, but in practice, many gaming sit-
uations in which particle models are employed the
system is quite definitely not in equilibrium. Much
present research into understanding growth and tran-
sient behaviour in physical, chemical and biological
systems is also concerned with models and systems
that are far from equilibrium.

It is therefore interesting to add to the parametric
space of a particle integration benchmark by consider-
ing how the load balance and computational organisa-
tion can be changed by varying a manageable param-
eter such as the temperature of a simulated system.

We consider a system of hard spherical particles that
interact at long and medium range through an attrac-
tive potential with a soft repulsive core, but with a
hard impenetrable core at very short range. This is
a realistic model for many scenarios and allows us
to experiment with a range of computational inten-
sities in the resulting particle benchmark. The system
is also usefully realistic — it can be modelled with a
definite walled container and not with the unrealis-
tic periodic boundaries often used in physics model
simulations used for studying statistical mechanical
properties.

Two typical paradigms for deploying N-Body simula-
tion codes [34] are as either near teal-time interactive
codes that have a built in visualisation capability, or as
batch-oriented non-interactive codes, that may offer a
frame dumping capability but which are not intended
nor capable of rendering in real time.

There are a number of sophisticated data organi-
sational methods that approximate the O(N?) in-
teractions with appropriate potential cut-offs which
can be managed as spatial trees and neighbour lists
[3,41]. Some of these approaches can be optimised
for particular architectures such as hypercubic sys-
tems [6, 15]. Collision dynamics can also be opti-
mised using appropriate collision lists and associated
techniques [10].

The size of systems that are feasible to simulate ob-
viously depends on the desired simulated time pe-
riod as well as most critically — upon the number of
particles involved. At the time of writing, work has
been reported on up to N ~ 100 possible parti-
cles in a gravitational simulation involving collisional
and collisionless systems [7]. Articles such as that

by Aarseth report work with more complex models
such as post Newtonian corrections [1] with N ~ 10°
particles simulated on on GRAPE [22] type computer
architectures.

Various architectural approaches have been applied to
this important class of application problems, includ-
ing clusters and volunteer distributed computing sys-
tems [9] and conventional multi-core CPU systems
modern multicore CPU systems [40]. Work by Groen
and co-workers [16] indicates the typical number of
cores (60-750) that have been recently feasibly em-
ployed in multicore cluster systems to tackle a single
N-Body application simulation cold dark matter.

In this present paper we are interested in the capa-
bilities of graphical processing units and systems de-
ploying single and multiple GPU systems and several
authors and research groups have reported work on N-
Body calculations on GPUs — although nearly always
on a very specific algorithm [14,17,21,42,43].

A considerable range of sophisticated physics quality
simulation codes for specific and special purpose N-
Body applications are available and have been com-
pared in the review by Fortin and co-workers [13].

We are interested in the computational structure of
a hybrid N-Body application that involves different
sorts of short or long range potentials, hard core colli-
sions and also interactions with enclosing rigid walls
of a container. This covers the principal algorithms
needed for both games quality physics simulations as
well as more sophisticated energy conserving statisti-
cal mechanics studies. We are also interested in being
able to deploy very accurate high-order numerical in-
tegration methods such as the Hairer 10th order time
stepping algorithm [18].

In this paper we explore how a sophisticated N-Body
simulation can be developed for multiple GPU sys-
tems with the option of choosing collisional or col-
lisionless systems, and parameterising the model us-
ing temperature 7" as well as the number of individual
particles N.

2 Distribution of Speeds

It becomes feasible and realistic to ascribe a temper-
ature to an ensemble of simulated particles once the
system size N is large enough. In practice a few thou-
sand particles yields thermal measurements that can
be compared with the theoretical definition discussed
below.

The scalar speed is defined in terms of the velocity
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Figure 2: Theoretical Maxwell-Boltzmann distribu-
tion computed for Temperatures 1,2,3,4 with kg =
m = 1 from equation 2 showing increasing most-
probable speed and distribution width with increasing
temperature. Experimental data from a sample simu-
lation is included for reference.

components for each particle as:

v = \/(vz + 1)5 + vf) 1)

and taking the Boltzmann probability energy factor
e~ B/ksT alongwith kinetic energy expression for a
point particle %mvz we obtain the probability density

distribution of speeds as:
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and is known as the Maxwell-Boltzmann distribution
with the form as shown in Figure 2. Differentiating,
we locate the most probably speed at the peak of the
distribution:
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where vp is the most probable occurring speed and
thus temperature 7" can be obtained from:
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Temperature is also related to the width of the
Maxwell-Boltzmann distribution functions and can
also be (more reliably) fitted to that, than from the
peak position which is more prone to experimental
uncertainty.

3 Molecular Dynamics

The molecular dynamics (MD) technique involves a
numerical integration of the classical equations of
motion for a number of particles, or molecules, given
a model Hamiltonian [2,24,27]. The resulting nu-
merical trajectory through phase space, can be used
to make a number of useful measurements of the dy-
namical properties of a system [31].

There are several difficulties involved in applying this
technique to the simulation of an alloy, even a purely
binary one. Primarily, the first requirement is for a
suitable model Hamiltonian for the system. While
this is not easy to obtain exactly, it is possible to
construct an approximate one with the basic proper-
ties, using pair-wise potentials. For example one very
simple model would be to assume a system of soft
spherical atoms in a box, with two atomic species
present, and atoms of each species preferentially at-
tracting atoms of its own species.

A model Hamiltonian of the Lennard-Jones form [27]
can be constructed using:

= (3)* - (3] @

This gives the potential energy U due to the pair-wise
interaction of two atoms of species i, j, separated by
some radial distance R = |r; —r;|, given two atom
specific parameters in the form of an energy € and a
length scale o, and a cross term coupling fraction 27
which is greater for interactions between like species
1, 7 than for opposite species.

4 Model Implementation

This molecular dynamics simulation has been imple-
mented for multi-GPU systems using CUDA. The
simulation computes the potential between particles
using the all-pairs algorithm and computes hard-
sphere collisions using a posteriori method. All hard-
sphere collisions are inelastic as are the collisions of
particles hitting the walls of an enclosing box. A dia-
gram of the inelastic collisions are shown in Figure 3.

Figure 3: Inelastic Collisions
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Figure 4: GPU transfer methods.

This simulation has been implemented and tested for
m-GPU systems containing up to four GPU devices.
The high-level algorithms are the same as the ones
discussed in [19]. The particles are evenly distributed
between the GPU devices and each device is respon-
sible for updating its particles. To calculate the total
force on a particle, each device will calculate the force
each of it’s own particles exert on each other as well as
the force exerted on its particles by the particles stored
in the other devices. This requires communication
between the different devices, there are a number of
ways this communication can be performed and they
are discussed and compared in section 5. All force
calculations make use of the tiling algorithm [29] as
it still provides the best performance.

Various methods can be used to integrate the motion
of the particles based on the laws of motion and the
potential between them. The different methods have
various tradeoffs in terms of memory usage, com-
putation time, stability and accuracy. Selecting the
optimal method is not always simple. It has been
shown that high-order methods may be computation-
ally more expensive per step, they are stable and ac-
curate with larger step sizes resulting in an overall
improvement in performance. The implementations
in this work have been tested using the following
methods - Euler, Runge-Kutta 2"¢, Runge-Kutta 4",
Dormand-Prince 5*" and Hairer 10*".

The fundamental collision model used in this research
is the same as the method discussed in [19]. After
each time-step, each particle is checked against every
other particle to determine if a collision has occurred.
The collision detection phase is similar to the all-pairs
force calculation. If a collision has occurred, the de-
vice will calculate the time at which the collision oc-
curred and record it. Once all the particles have been
checked, the collision that occurred first will be cor-
rected. Both particles are stepped backwards in time
to the point of collision, an inelastic collision is com-
puted at this point and the particles are then moved
forward in time to same time as the rest of the sys-
tem. This process is repeated until there are no more

collisions.

5 M-GPU Communication

The focus of this research was to compare the differ-
ent methods of communication CUDA provides for
transferring data between devices. In [19] we evalu-
ated the performance of PCle extender chassis such as
the Dell C410x. For that comparison the simple peer-
to-peer memory copy made available by NVIDIA’s
GPUDirect 2.0. In this research we compare the
performance of all the peer-to-peer communication
methods.

Before GPUDirect, all communication in an m-GPU
system had to go through the host memory. GPUDi-
rect 2.0 allows the direct transfer of data between de-
vices and eliminates the need for extra system mem-
ory and transfer overhead. There are two types of
direct communication supported by GPUDirect 2.0 -
Direct Transfer and Direct Access.

Direct Transfer is a host controlled memcpy
from one device directly to another. This
data transfer does not need to go through
the host and thus avoids unnecessary transfer
overheads. CUDA 4.0 provides two methods
for Direct Transfer - cudaMemcpyPeer and
cudaMemcpyPeerAsync. cudaMemcpyPeer is
a blocking memory call that will not return until the
transfer is complete. cudaMemcpyPeerAsync is
non-blocking and the method will return immediately
even though the transfer has not yet completed.

Direct Access allows a thread executing on one de-
vice to access a value stored in the memory of an-
other device. This feature makes used of the Unified
Virtual Addressing (UVA) supported by CUDA 4.0.
UVA gives a single address space to the host and de-
vice memory, previously the host and each device had
a separate memory address space [28]. Direct Ac-
cess is designed for Non-Uniform Memory Access
(NUMA) patterns. Using this method of communi-
cation the kernels on each device can simply access
the values from the other devices and there is no need



for any memcpy calls.

6 CUDA Implementations

To use the CUDA peer-to-peer communication
methods, the devices must have Peer Access en-
abled. This must be set on each device for ev-
ery other device peer-to-peer communication will
be used. Peer-to-peer communication with device
d can be enabled by simply calling the function
cudaDeviceEnablePeerAccess (d,0).

Listings 1 and 2 show the two methods of Di-
rect Transfer. Listing 1 blocking copy method
cudaMemcpyPeer. The thread connects two each
device and uses cudaMemcpyPeer to copy the par-
ticle data out of another device into memory on the
current device. Once all devices have performed this
copy, kernels will be launched on each device to com-
pute something with this data. This computation can
either be a force calculation or a collision detection
kernel.

Listing 1: Direct Transfer Method - cudaMem-
cpyPeer.

for(int t = 1; t < P; t++) {
for(int id = 0; id < P; id++) {
int id2 = (id + t)%P;
cudaSetDevice (id);

}
for (int id = 0; id < P; id++) {
cudaSetDevice (id);
// Compute something using p2[id]
}

cudaMemcpyPeer (p2[id],id ,p[id2], id2,size

The non-blocking copy method is very similar but
will use cudaMemcpyPeerAsync instead. In this
implementation the host will launch all the memory
copy calls at once instead of waiting for each one to
finish before launching the next. The kernels are also
launched immediately but will not execute until the
data transfer is completed. The code snippet for this
data transfer method is shown in Listing 2.

Listing 2: Direct Transfer Method - cudaMem-
cpyPeerAsync.

for(int t = 1; t < P; t++) {
for(int id = 0; id < P; id++) {
int id2 = (id + t)%P;
cudaSetDevice (id);

cudaMemcpyPeerAsync(p2[id],id ,p[id2],
size , stream[id]);

}

for(int id = 0; id < P; id++) {

cudaSetDevice (id);
// Compute something using p2[id]

}
}

The Direct Access method shown in Listing 3 does
not use any copy functions. Instead the computation
kernels can simply access the particles in the other de-
vices. Each device simply calculates the device id of
all the other devices and get the address of their par-
ticle data. The computation kernels can then access
the particles at these addresses. This requires Unified
Virtual Addressing otherwise each device would ac-
cess its own memory and not the memory on other
devices.

Listing 3: Direct Access Method.

for (int id = 0; id < P; id++) {
cudaSetDevice (id);
idl = (id + 1)%P;
id2 = (id + 2)%P;

// Compute something using p[idl], p[id2]...

}

These three implementations can all be used to trans-
fer data between multiple devices for molecular dy-
namics simulations on m-GPU systems. The perfor-
mance of these three methods are compared in Sec-
tion 7.

7 Performance Results

The implementations discussed in this work have
been evaluated using two different experiments. The
first shows the time required to compute a molec-
ular dynamics simulation with potentials and hard-
sphere collisions at different system densities. The
second compares the performance of the different m-
GPU implementations. Both of these experiments
have been computed with four NVIDIA C2070 com-
pute cards connected to a Dell C410x PCle extender
chassis and use the Runge-Kutta 4" order integra-
tion method. The performance of this system is com-
pared to other GeForce and Tesla card configurations
in [19].

The first experiment was to compare the three peer-
to-peer transfer methods - Synchronous Direct Trans-
fer (DT-S), Asynchronous Direct Transfer (DT-A) and
Direct Access (DA). These three methods have been
tested on the Dell C410x and the results for a range of

idotransfer sizes are shown in Figure 5. This shows that

the Asynchronous Direct Transfer method provides
the best performance and Direct Access outperforms
Synchronous Direct Transfer for small transfers but



is slightly slower for larger transfers ( > 256 KB). It
is important to note that the Direct Transfer methods
communicate the information between devices but it
must still be read by the kernels from global memory,
whereas the kernels using Direct Access will have al-
ready read the required values.

(u)) swiy

12 14 16
Transfer Size (In)

Figure 5: Transfer time for three peer-to-peer commu-
nication methods for 4KB-2GB shown in In-In scale.

The second experiment is designed to compare the
performance of the three m-GPU implementations in
the actual simulation. The methods have been com-
pared across a range of system sizes and densities.
The performance results (in milliseconds per time
step) are presented for one fixed density. These re-
sults are shown in Table 1.

Table 1: Performance comparision of GPUDi-
rect simulation implementations. Times acurate to
40.005 millisecs per timestep.)

Size Direct Direct Direct
Transfer | Transfer | Access
N (Async)
1024 3.46 2.66 3.52
2048 5.55 4.76 5.58
4096 9.81 9.03 9.80

8192 18.78 18.12 18.73
16384 | 53.38 52.26 53.18
32768 | 194.56 193.50 | 193.78
65536 | 729.27 727.75 | 727.01

8 Discussion

The almost indistinguishable performance results of
the three implementations presented in Section 7 are

surprising to say the least. The close performance of
the two Direct Transfer methods is not entirely un-
usual as the data is transferred as a block in by both
implementations. In previous work [35], with asyn-
chronous data transfer through host showed a sig-
nificant performance improvement over synchronous.
Howeyver, this work focused on lattice models where
only the borders had to be transferred and thus all
communication could be completely hidden.

However, it was highly unexpected that the Direct
Access method would provide almost the same per-
formance as the other two implementations. It was
expected that the NUMA style of access to another
device’s memory would significantly reduce perfor-
mance. However, all performance benchmarks and
tests for both all-pairs force calculation and collision
detection show almost no difference in performance.
The high performance of Direct Access represents
a significant step forward for m-GPU programming.
Previous m-GPU research [32, 35] which used com-
munication through the host found the performance of
m-GPU programs to be extremely sensitive to com-
munication methods used. Getting the best perfor-
mance out of such applications required a great deal
of fine-tuning.

For this reason, the high-performance of the Direct
Access functionality of GPUDirect 2.0 was unex-
pected. However, it has performed well in every test
and significantly reduces programmer effort. Kernels
can simply access data from other devices without the
need for explicit data transfer and extra memory to
store duplicated data. For this reason we believe the
Direct Access functionality of GPUDirect 2.0 to be
extremely valuable for m-GPU systems.

9 Conclusions

The molecular dynamics simulation discussed in this
work is capable of collisional and collision less sim-
ulations, with or without elastic wall collisions and
a range of possible force/potential models including
simple gravitational attraction and multiple species
Lennard Jones style systems. These simulations have
been implemented for m-GPU systems with multiple
GPUs to accelerate a single CPU. Such systems are
becoming an increasingly important node architecture
for future supercomputers and clusters.

These implementations make use of the GPUDirect
2.0 device-device communication methods that allow
data to be directly transferred from one device to an-
other without going through the host. The three im-
plementations show almost no difference in perfor-
mance despite the fact that the Direct Access method



uses a Non-Uniform Memory Access pattern. This
surprising result makes it significantly easier to de-
velop efficient m-GPU applications and represent a
major step forward in m-GPU technology.
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