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Abstract. In the context of computing 3D volumetric tallies for nuclear applications, the combination
of Monte Carlo methods and high-performance computing is essential to achieve accurate yet compu-
tationally feasible simulations that meet industrial time constraints. The next-event Split Fxponential
Track-Length Estimator (seTLE) is particularly well suited for estimating tallies on meshes. To alleviate
the computational burden associated with seTLE, such as sampling numerous outgoing pseudoparticles at
each collision, estimating cross sections, performing ray tracing through complex geometries, and accumu-
lating scores across the geometry, we leverage the parallel computing capabilities of Graphics Processing
Units (GPUs). We assess the performance of our implementation using two shielding configurations and
one criticality benchmark. Both photon and neutron transport simulations are considered. Scores are eval-
uated over Cartesian meshes, material volumes, and energy group structures. In all cases, acceleration
factors greater than unity are observed in the detectors, reaching several hundred in selected regions of
the phase space. In a final experiment, we demonstrate that our GPU-based implementation achieves a
net energy gain (in Watt) even when compared to a conventional CPU-based TLE, despite the additional

computational cost of GPU use.

1 Introduction

The behavior of neutral particles, such as neutrons
and photons in matter, is typically described using the
Boltzmann equation. Monte Carlo simulations solve this
equation without introducing any approximations to the
method, making it the gold standard in nuclear engineer-
ing [1], especially for mapping observables of interest (tal-
lies) in 3 dimensions. Applications include the monitoring
of reactor cores such as in-core fluence for local power den-
sities and reaction rates or the preparation of decontami-
nation and dismantling (D&D) operations (estimation of
neutron flux for activation of reactor structures, or equiva-
lent dose rates for radiation protection). Such 3D calcula-
tions are often performed with volumetric estimators: the
collision estimator [2] for the analog random walk count-
ing the number of interactions in each volume of inter-
est, or the Track Length Estimator (TLE) [3], recording
the intersection between volumes and particles’ trajecto-
ries during analog random walks. They are both unbiased
but exhibit different convergence rates depending on the
application scenarios [1]. The former is not well adapted to
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volumes with optically thin material. The latter, namely
the TLE, typically yields lower variance than the colli-
sion estimator, especially when the traversed medium is
optically thin. It is the default estimator in MCNP (tally
F4) [4]. However it slowly converges everywhere in 3D
maps. This behavior is explained by the central limit the-
orem, which states that the convergence speed of estima-
tors — random variables — scales with the square root of
the sample size. This challenge becomes even more pro-
nounced in radiation protection calculations, where sub-
stantial attenuation — often spanning several orders of
magnitude — occurs between the source and the detection
region. Over the years, several methods have been devel-
oped to address these challenges. A wide range of algorith-
mic strategies, commonly referred to as variance reduction
techniques (VRTS) [5], have been developed, with most of
them utilizing importance sampling [6]. Among these, the
most widely adopted and standard method in most Monte
Carlo codes are based on the concept of statistical weights,
using population control methods like splitting and
Russian roulette for implicit capture. For radiation shield-
ing calculations, more advanced techniques are employed
that leverage importance maps. The two predominant
methods in this domain are the Exponential Transform
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[7] and the Weight Windows method [8]. In criticality sim-
ulations, the delta-tracking method has been extensively
refined [9]. This method bypasses particle tracking within
the geometry by employing a rejection algorithm based on
the computation of a major macroscopic cross-section.

Using an appropriate estimator can also accelerate the
convergence of tallies. A more advanced estimator, known
as the exponential track-length estimator (e¢TLE), can
be derived from the TLE formulation. First introduced
by Williamson in 1987 [10], the key distinction between
these two estimators lies in replacing a stochastic deci-
sion — namely, the free flight of a particle — with its
expected outcome, averaged over the probability distri-
bution of particle flight lengths. Specifically, eTLE oper-
ates by deterministically transporting “pseudo” or “vir-
tual” particles, stochastically created at each emission and
collision of a “real” particle, all the way to the bound-
ary of the geometry. Consequently, this method engages
the two most computationally intensive tasks in Monte
Carlo methods: cross-section interpolation and geometric
computations. In general, for the same number of simu-
lated particles, eTLE achieves lower variance than TLE,
albeit at the cost of increased computational time [1,11].
Another well-known expectation technique is the forced-
flight DXTRAN method from MCNP [12], which follows a
similar principle. Likewise, the next-event point estimator
applies this approach to calculate tallies at specific points
in phase space [13].

Hardware-based approaches can also be used to
improve simulation efficiency. They often focus on mas-
sively parallelizing simulations, making them highly suit-
able for Monte Carlo transport. Over the past decade,
advances in scientific computing on GPUs have also been
applied to the Monte Carlo method, yielding promising
results [14]. The graphical processing power of personal
computers has significantly increased, as the GPU share
in the world’s leading supercomputers. Notable exam-
ples include the ORNL OLCF-5 exascale supercomputer,
Frontier [15], where each node consists of one CPU and
four GPUs. In France, the Teral000-1 supercomputer fea-
tures 400 GPUs dedicated to visual rendering and high-
performance scientific computing [16]. Given this shift, the
Monte Carlo method for particle transport must evolve
to align with the new GPU parallelism paradigm. A
conference report [14] on Monte Carlo radiation trans-
port outlines the state of the art for major American
codes adapted for GPU computing. Two main trends have
emerged. In the first approach, the GPU handles most
tasks related to particle transport. Most Monte Carlo
codes running on physical CPU cores employ a history-
based tracking method, where the random walk of par-
ticles is simulated sequentially. A straightforward imple-
mentation of this approach on a GPU would involve
assigning multiple particles to a kernel, with each thread
simulating a particle’s trajectory. However, the numerous
conditional branches inherent in such simulations cause
thread divergence, exacerbating the tail-effect. To address
this issue, the community has revisited the event-based
tracking algorithm proposed by Brown and Martin in the
1980s [17], which is better suited for GPU parallelization.
This technique is implemented in codes like WARP [18],

GUARDYAN [19], Shift [20], PRAGMA [21] and Patmos
mock-up at CEA [22], each with its own specific features.
The second approach employs a hybrid CPU/GPU trans-
port algorithm, where the particle random walk is man-
aged on the CPU using a history-based method, while
certain calculations are executed asynchronously on the
GPUs. This strategy minimizes the impact on the often
well-established Monte Carlo codes and addresses the lim-
itations of fully porting these codes to GPUs, such as con-
strained memory capacity. For instance, [23] propose per-
forming cross-section calculations (energy bin lookup and
interpolation) on a GPU.

Many of these methods can be combined to achieve
faster convergence that meets the user’s requirements.
In this context, we propose a method that integrates
the exponential Track-Length Estimator (eTLE) and par-
tial GPU implementation. Recently, Guadagni imple-
mented eTLE in TRIPOLI-4® [24,25] for photon trans-
port in its simplest form, combining it with a forced-flight
method [26], inspired by Cramer [5]. This study demon-
strated the efficiency of the estimator when paired with
the forced-flight method. Subsequently, Hutinet adapted
these techniques for neutron transport in TRIPOLI-
4® [27], showcasing the effectiveness of eTLE with
Forced Detection in shielding problems. This approach
was proven superior to the traditional TLE, both with
and without VRT based on importance maps [28]. The
eTLE has further evolved to handle multiple direc-
tions at each source or collision sampling by emit-
ting several pseudo-particles instead of just one. This
variant, known as the Split Exponential Track-Length
FEstimator (seTLE) [26,29,30], introduces additional
computational complexity. The transportation of these
pseudo-particles through boundary geometries imposes
significant performance constraints on expectation estima-
tors. Consequently, for the same number of simulated par-
ticles, the reduction in variance compared to TLE is coun-
terbalanced by increased simulation times. To overcome
this limitation, we propose harnessing the power of graph-
ics processors to perform ray tracing of pseudo-particles
asynchronously. Since straight-line pseudo-particle trans-
port through geometry is perfectly suited to paralleliza-
tion, it can be efficiently executed on GPUs. Several
authors have already explored porting estimators to GPUs
to take advantage of this [31,32].

In this paper, we propose to port the seTLE recently
implemented in TRIPOLI-4® [26,28] to GPU. We adopt
the point of view of [32] and use a hybrid CPU/GPU
architecture by offloading ray tracing to GPU. The work
presented here aims to build upon the main principles of
the method and adapt them to various needs. First, the
implementation is designed to use exact geometries rather
than voxelized ones, in particular allowing for multiple
materials per cell. The method is subsequently extended
for application to both criticality and fixed-source prob-
lems involving neutrons or photons, and can provide flu-
ence, H*10 dose equivalent rate and main reaction rates.
An algorithm for sampling the particle scattering param-
eters — namely, energy and direction — is also developed
on the GPU to enable full implementation of the method
on the graphics card. The algorithm is subjected to a
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parametric study and compared to the traditional sam-
pling approach executed on CPU cores. We also pro-
pose performing score aggregation on the GPU at each
batch end to further offload the CPU physical cores. This
approach is particularly well suited for a large number of
scores, as all GPU’s threads perform the same operation.
Finally, the paper presents an additional sensitivity analy-
sis on the refinement of tallies within phase space (spatial
and energy domains) to better characterize the estimator’s
behavior. To ensure a fair comparison, an energy-based
evaluation is conducted between the CPU track-based and
GPU seTLE-based methods.

The paper is constructed as follows: in Section 2, we
discuss the method, and detail the different steps involved
in the GPU implementation of se TLE: sampling, ray trac-
ing, and accumulation of the scores across the batches with
respect to the cells of the mesh. In Section 3, we quantify
the gain of each step, the influence of the different parame-
ters of the method on the simulation performances, which
we illustrate with three examples. We conclude and dis-
cuss future development in the last section.

2 Method

The underlying idea of this work is to port the maximum
number of algorithmic components associated with the
seTLE calculation to the GPU. In this way, the CPU is
left only to perform the calculations associated with the
random walk of the simulated particles.

2.1 Workflow overview

We describe in Figure 1 the workflow of the adaptation
of seTLE on GPU. As mentioned in the last section, the
seTLE is based on straight-line pseudo-particle transport
in the geometry. These pseudo-particles are generated at
each collision of a particle following the random walk. The
random walk is performed on CPU as usual, and the left-
hand side (blue) of the diagram represents this random
walk. Let P = (7, {2, Fin) be a pseudo-particle sampled
(one sampling corresponds to the e TLE). If the ray (r, i)
intersects a homogenous detector d, of total macroscopic
cross-section Y%4(F}y,) at energy Ej,, an unbiased estima-
tor of the fluence given a pseudo-particle is:

g —ll
oiﬁ‘»Ld])E = exp <_A Et (I‘ + Sﬂina Ein) dS) ( )
1

% (1 — _yd(p _w

(1 exp ( 2y (Eln)l)) Zg(Ein)
with X4 (r, E;,) being the total cross-section at energy Ei,
and position 7, 7d the first intersection between the vol-
ume detector frontier and the pseudo-particle ray and [
the length of the chord traversed by the pseudo-particle
in the detector. Equation (1) can be interpreted as follow:
the first factor is the probability that the pseudo-particle
interacts before the frontier of the volume detector; the
second factor is the probability of interaction inside the

detector and the third term is the usual collision estima-
tor inside the detector. The product of the second and
third terms correspond to the expected value of the colli-
sion estimator over all chord lengths in the detector. The
main interest of this estimator is to contribute in detec-
tors that are not necessarily crossed by real particles dur-
ing the random walk. In the eTLE, the outgoing pseudo-
particle results from the sampling of the random walk.
The seTLE is the generalization of the ¢eTLE to N Bgpit
pseudo-particles instead of one, sampled independently
with a corrected weight. The estimator thus becomes:

llrg—r]l
eifT(jﬁE = exp (—/ 2t (v + $Qin, Fin) d3>
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w
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with N Bgpii¢ being called the splitting multiplicity. The
sampling of the IV Bgpii; pseudo-particles at each collision
is the central box of the Figure 1, and we adapted it to
both CPU and GPU. This splitting routine is not applied
to source sampling and particles resulting from boundary
conditions for which a simple eTLE (Eq. (1)) is applied.
Once the bank is filled, we cast the rays on GPU. A single
thread on the device treats a single ray in a massively par-
allel way, similar to image rendering in computer graph-
ics. The GPU-based seTLE has been written using CUDA
C/C++ [33]. The code is also adapted to CPU paralleliza-
tion by duplicating the problem: each physical CPU core
involved performs a random walk, fills a buffer and sends
it to the device; hence, the GPU memory footprint is pro-
portional to the number of physical cores. The advantage
is that CPU cores are not slowed down by filling the bank
faster than the GPU can process it, but there is a risk
of saturating the GPU memory and calculation capacity.
In the following, we will detail each of the GPU steps
for the computation of the seTLE. We may refer to the
GPU as the device and to a physical CPU core as the
host. Then, after introducing the configurations used in
this work in Section 3.1, we provide a profiling analy-
sis in Section 3.2 to motivate the choices of porting the
described steps involved in the seTLE to GPU.

2.2 Outgoing particle parameters sampling

By default, implicit capture is active in TRIPOLI-4®,
Three reactions are explicitly simulated for photons: the
pair creation, Rayleigh scattering and Compton scatter-
ing (photoelectric emission results in implicit capture). For
the first one, the photon is re-emitted isotropically with
a doubled statistical weight. The second one is coherent;
the photon’s energy remains unchanged. The distribution
of the cosine of the polar angle follows the Thomson dif-
ferential cross-section weighted by the atomic form factor
F(q,Z) that depends on the momentum transfer ¢ and
the atomic number Z of the nucleus target. The form
factors are tabulated. For the third reaction, the cosine
of the scattering polar angle and the outgoing photon
energy Fo,: can be sampled from the Klein-Nishina dif-
ferential cross-section according to Brusa’s fast algorithm
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Fig. 1. GPU seTLE workflow.

[34]. For neutrons, TRIPOLI-4® transforms the probabil-
ity density function of the cosine of the polar angle into
equiprobable cosine bins to expedite the sampling for elas-
tic scattering and discrete levels of inelastic scattering [24].
For the other reactions and according to the target, the
energy and angular distributions of the emitted neutron
can be independent or not. When input data are provided
as tabulated quantities, different interpolation laws can
be used in different ranges. At low energy, thermal neu-
tron scattering law data are also available. The Sample
Velocity Target (SVT) and Doppler Broadening Rejection
Correction (DBRC) algorithms are employed to account
for Doppler broadening of elastic scattering kernels in the
epithermal region [35]. The entire information needed for
the implementation of all the samplings on GPU is pro-
vided in the international evaluation files and transferred
to the GPU. In this work, the algorithms used for sampling
the return parameters are identical whether processed by
a GPU thread or a physical CPU core.

2.2.1 (£2, E) sampling

Sampling the outgoing particles parameters (2out, Fout)
can be done either on the CPU or on the GPU. Using GPU
sampling allows limiting the CPU’s computations during
the analog random walk simulation. All the other oper-
ations necessary to the seTLE are performed on GPU.
The impact of the use of the seTLE on the simulation
time is thus minimized. In return, the GPU computa-
tional capacity may saturate, and more information needs
to be transferred to the GPU: supplementary nuclear data
information at initialization and collision type of the real
particle for each ray of the bank. The library used for
random number generation is cuRAND. At initialization,

each thread generates its sequence of random numbers on
the device with the same seed but a different sequence
number. The generator used (XORWOW) with a period
of 2192 has good statistical properties [33].

On the contrary, CPU sampling reduces the amount
of communications with the GPU and reduces the com-
putational burden of the device. For instance, when using
parallel CPU random walks communicating with a single
GPU, CPU sampling may allow the use of more physical
CPU cores. However, in particular, when sampling many
pseudoparticles at a time, it comes at the cost of greatly
increasing the simulation time. The choice of sampling the
outgoing particles parameters depends on the hardware on
which the user wants to place the computational cost. It
also depends on the hardware itself, on the configuration
of the simulation — for instance, on the number of col-
lisions per particle history —, so the choice of using the
sampling on GPU is left to the user.

2.2.2 Cross-sections calculation

Once the outgoing particles parameters have been calcu-
lated and before performing ray tracing in the geometry,
it is necessary to calculate the total macroscopic cross-
section of all materials according to the outgoing ray’s
energy, as required in Equation (1). Isotope microscopic
cross-section lookup at a given energy is achieved with a
binary search and interpolation. Then, the total macro-
scopic cross-sections of materials are computed. All mate-
rials cross-sections for each ray’s energy are stored in a
static vector on the device accessible during the ray trac-
ing. The vector size is the bank size multiplied by the
number of materials (N Byat). For example, the element
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i N Bpat + " gives the j*" material total macroscopic
cross-section associated to the i*® ray’s energy.

2.2.3 Ray tracing and mesh scoring

Once the bank is filled with outgoing pseudo-particles, the
rays are cast in straight lines through the geometry, and
they score in Cartesian grids or in volumes. We represent
geometry with a limited number of primitives: spheres,
boxes, and cylinders. For each ray cast, all the primi-
tives are intersected on the GPU, and the ray history is
computed. Following this history, the score derived from
Equation (2) is then retrieved. The mesh for scoring is
a Cartesian grid that can be non-uniform and irregular.
The score in its cells are computed after the history of the
rays. This implementation allows for exact ray/geometry
intersection and the detectors (mesh grid cells) do not
need to be filled with only one material. During the run
of a batch of particles, the score in each cell is updated
online on GPU using a shared access to the device mem-
ory through atomic operations. The update of the means
and standard errors is done using Welford’s online algo-
rithm [36]. It is applied at the end of a batch, averages
and standard errors are computed in parallel for each cell
by GPU threads. This enables parallel scoring that is key
when scoring in millions of detectors.

3 Results

The theoretical proof that the seTLE estimator is unbi-
ased is given in [1]. In the different simulations, the GPU
version of the seTLE has been compared, cell-wise, to the
CPU version of the TLE. The comparison of the estima-
tors is based on the distribution of the cell-wise A/c dif-
ference:

A T; —T;

R ®)
o7+ o5

with Z;,0; the mean value and its standard error esti-
mated with a method i, and Z;,0; the mean value and
its standard error estimated with a method j. In all the
simulation, this score has a mean value over the mesh
cells close to zero (0.01 in general) and the proportion of
the cells follows 68%/95%/99% at 1/2/3 o, respectively.
This follows a normal distribution very closely; the se TLE
GPU results are thus coherent with the reference imple-
mentation of the TLE. The unbiasness of the se TLE is not
discussed in this paper. More details about this validation
can be found here [28]. In the following, we will focus on
the performances of the GPU implementations evaluated
using a RTX A4500.

3.1 Monte Carlo configurations

Three configurations are used to assess the performance of
the seTLE on GPU. The first configuration, illustrated in
Figure 2, top-left, is a typical radiation protection situation
in D&D: a concrete bunker with an internal wall, partially
traversed by a cylindrical duct. A 1.33 MeV monokinetic,
isotropic, point source of photons is used. A uniform

Cartesian grid of size 100 x 100 x 100 is used to com-
pute the H*(10) map. In this simulation, 10° batches are
performed with 2 x 10* particles per batch. In this con-
figuration, the challenge lies in scoring behind the wall in
the room. Two types of evaluation are therefore possible:
either a global evaluation of all the cells in the grid, or an
evaluation restricted to the cells in the room behind the
wall.

The second configuration is a PWR 15 x 15-fuel assem-
bly, illustrated in Figure 2, top-right. It consists of 209
UOX rods and 16 burnable poison tubes, for a total of 771
volumes. The assembly is 21.525cm?, and the Cartesian
mesh is composed of 215 x 215 x 50 cells. In this criticality
simulation, 10* batches of 2 x 103 particles are performed,
with 50 inactive cycles. We set reflection conditions at the
boundaries of the geometry. An initiating source is placed
at the center of the assembly. It is pointwise, isotropic and
emits neutrons within the Watt spectrum.

The third configuration reproduces a classical bench-
mark problem widely employed in radiation shielding
studies: the bent dogleg duct geometry, illustrated in
Figure 2. This setup, adapted from [37], consists of three
regions of interest. The first is an air-filled room (dimen-
sions: 150 cm x 300 cm X 200 ¢cm) in which the radiation
source is located. This room faces a concrete-shielded
bent duct system, which constitutes the second region.
The bent duct has a square cross-section of 30 cm x 30 cm
and traverses the shielding wall, emulating an auxiliary
penetration through a reactor biological shield. The duct
comprises three straight segments: the first and third are
parallel, while the second is orthogonal to both. The
lengths of the segments are 115cm, 90cm, and 65cm,
respectively. The third region, also filled with air and mea-
suring 170 cm x 300 cm X 200 cm, is located downstream of
the shielding structure. It represents a potentially occu-
pied zone and is protected by the concrete barrier. The
entire configuration is enclosed by 50cm thick concrete
walls. In this study, only volumetric tallies are used;
no cartesian mesh tallies are employed. Eleven spherical
detectors with a radius of 1cm are positioned within the
geometry: six along the duct and five in the third region,
both behind and along the shielded wall. Two distinct
simulations are performed. The first involves an isotropic
photon source with two discrete emission energies corre-
sponding to %°Co decay (1.17MeV and 1.33 MeV). The
second considers an isotropic neutron source with monoen-
ergetic emission at 14 MeV, characteristic of the fusion
neutron emission spectrum. For each case, particle fluxes
are recorded independently using both TLE and seTLE
methods at all detectors.

3.2 seTLE computing time analysis on CPU

To motivate the use of the GPU for the computation of the
necessary steps of the seTLE, we illustrate in Table 1 its
computing time when implemented on CPU. To that end,
we use the bunker configuration introduced in Figure 2,
with 10* particles per batch. On average, the number of
collisions per particle lifetime is 11, hence an average of
N Bgpiip x 11 10* pseudo-particles processed per batch. We
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Fig. 2. (Top left) A bunker configuration in D&D. The performances of the seTLE GPU in terms of Figure of Merit ratio
are assessed behind the concrete shield. (Top right) 15 x 15 UOX fuel assembly (21.525cm®) with 16 burnable poison tubes.

(Bottom) Dogleg configuration with eleven detectors.

are interested in the average time for sampling ({2, E), cal-
culating the cross-sections and transporting the pseudo-
particles across the geometry, relative to the average batch
time using the TLE simulation on CPU.

One can notice that the computing time of each of the
evaluated steps linearly increases with the splitting mul-
tiplicity. This is explained by the sequential processing of
the particles and pseudo-particles on CPU. In addition,
with this simple geometry of Figure 2 and considering
N Bgpiie = 1, the transport of the pseudo-particles takes
the same amount of time as the complete batch simu-
lation of the TLE. In other words, the use of eTLE on
CPU at least double the simulation time for this configu-
ration. Another observation that can be made is the high
influence of the ray tracing across the geometry on the
total computing time. For a splitting multiplicity of 32,
it takes 100 times the total time of the batch simulation
using TLE. The benefits of porting these calculations on
GPU are thus twofold: first, it allows us to perform them
asynchronously with the natural random walk performed
on CPU (see Fig. 1). Second, each pseudo-particle can
be treated independently in a massively parallel way and
enabling splitting multiplicity higher than 1 by leveraging
the GPU compute capabilities.

3.3 Performance of each step

The influence of porting the different steps on GPU is
assessed using the bunker configuration. One can either
evaluate the computation time to focus on the comput-
ing performance, or evaluate the simulation performance
using the Figure Of Merit (FOM): FOM = 2, with ¢
the physical CPU cores simulation time and o the Monte
Carlo simulation standard deviation. From the FOM, one
can derive the speed-up factor of a given method 7 com-
pared to a reference j with:

~ FOM;
~ FOM;

(4)

In the following, we will focus on the computation time
and the speed-up factor. Regarding the speed-up factor,
we compute it only for cells having a relative standard
deviation below 20% in both compared methods. The
other cells are discarded.

3.3.1 Scores (means and standard errors) update

To illustrate the potential of porting the code to GPU, we
first record the average time spent per batch to update
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Table 1. seTLE algorithmic steps on CPU compared to the TLE average batch in terms of computing time. Com-
parison done with configuration 1 (Fig. 2, top-left) for 1E + 04 particles par batch as a function of the splitting

multiplicity.
Splitting multiplicity N Bgpii¢ for the seTLE on CPU 1 4 8 16 32
Relative average time per batch for (2, E) sampling (%) 1.57 x 10 6.06 x 10> 1.18 x 10>  2.38 x 10>  5.48 x 102
Relative average time per batch for cross-sections calculation (%) 8.67 3.48 x 10* 6.90 x 10* 1.38 x 10% 2.64 x 10?
Relative average time per batch for pseudo-particles transport (%) 1.04 x 10> 4.07 x 10> 8.03 x 102  1.61 x 10>  3.14 x 10°

Table 2. Simulation time comparison for a fixed number of batches with configuration 1 (Fig. 2, top-left). Splitting

multiplicity is equal to one, bank of 216

rays, 1024 threads per bloc.

Scores update on CPU (s)

Number of cells

Scores update on GPU (s)
Synchronization on  Synchronization off

1.00 x 107 3.20 x 1071
1.00 x 108 3.20 x 1072
1.00 x 10° 3.20 x 1073
1.00 x 10* 3.40 x 1074
1.00 x 103 5.60 x 10~°

1.68 x 102 9.90 x 10~6
1.84 x 1073 9.60 x 10~6
2.94 x 10™4 8.80 x 1076
4.76 x 107° 9.50 x 10~6
2.60 x 10~° 9.50 x 1076

the overall score along the simulation with the new esti-
mated tallies. The results are reported in Table 2. This
evaluation is independent of the estimator, whether it is
implemented on GPU or not. It is also independent of the
sampling on GPU. The average computation time is com-
pared, with and without the synchronization of the CPU
and the GPU. When enabled, the synchronization (right
after the call to the GPU kernel) forces the CPU to wait
for the device to finish the kernel execution. We observe
that the time spent to accumulate the scores across the
batches linearly increases both on CPU and GPU with
the number of cells in the grid. This is verified up to 107
cells and cannot be evaluated further on CPU due to lim-
itations in TRIPOLI-4®. The batch collection on GPU
with the synchronization is about 20 times faster than on
CPU. When synchronization is disabled, we only measure
the time spent to call the CUDA kernel, which is inde-
pendent of the mesh size. This corresponds to the stan-
dard operation described in Figure 1: the CPU continues
the random walk of the real particles simulated while the
GPU performs its calculations.

3.3.2 Ray Tracing on GPU

We are now quantifying the contribution of ray tracing on
GPU. To that end, we compare the FOM of the eTLE
estimator using an implementation of the ray-tracing on
CPU and the FOM of the eTLE using our implementation
of the ray-tracing on GPU (seTLE GPU with a splitting
multiplicity of 1). This way, a similar number of rays are
cast across the geometry. Sampling is done on CPU, and
we evaluate the performance of both settings behind the
wall in the bunker configuration (Fig. 2, top-left). In this
setting, most of the implementations on CPU and GPU
are similar. The main differences are thus the calculation
of the ray/primitive intersections and the massive, asyn-

chronous parallelization on GPU. We compare both imple-
mentations in terms of speed-up factor in configuration 1
to assess the simulations performances. On average, the
ratio behind the wall is 5.29. Twelve cells out of 1 x 10°
obtain a speed-up factor below one, meaning that the ray
tracing on GPU accelerates the simulation almost every-
where. The cells having a speed-up factor of 3 are those
close to the source. The highest values of the speed-up
factor are then spread out behind the concrete wall and
out of the bunker.

3.3.3 Sample on GPU

Pseudo-particles sampling on GPU is optional; we now
activate it and illustrate in Figure 3 its influence on the
speed-up factor with respect to splitting multiplicity. In
this section, we compare to the TLE, which uses no ray
casting at all. Scores are still evaluated in the room behind
the wall. The results are obtained for a fixed bank size of
216 rays and a single physical CPU core. When sampling
on CPU, the performance improvement of the seTLE on
GPU quickly reaches a plateau. This is due to the time
taken by the CPU to perform the sampling that is lim-
iting since the GPU finishes its calculations much faster.
When using the GPU sampling, the speed-up factor lin-
early increases with the number of splits. A plateau is
reached at a splitting multiplicity of 60 with a speed-up
factor around 65, when increasing the splitting multiplic-
ity does not help covering the geometry any more.

3.3.4 Discussion

Porting different parts of the code to GPU significantly
increases the acceleration factor of the seTLE for scoring
in a Cartesian mesh. Collecting batches on the GPU high-
lights not only the acceleration achieved by the graphics
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Fig. 3. Influence of the splitting multiplicity on the speed-up
factor with and without (2out, Eout) sampling on GPU for the
bunker configuration (Fig. 2, top-left).

card, but also the benefits of running CPU and GPU cal-
culations asynchronously. Sampling, ray tracing and batch
collection on GPU are carried out asynchronously from
the CPU analog random walk of the real particles. This
frees up additional CPU computing resources required for
seTLE. The computation time of the GPU version of the
seTLE is then at worst the computation time of the CPU
version of the TLE. Actually, it will be lower with the
batch collection on GPU. Regarding the positive impact
of sampling on GPU, it will be used in all the experiments
in the rest of the paper. We have therefore detailed the var-
ious seTLE building blocks that have been implemented
on GPUs. The challenge for the GPU is then to be faster
than the CPU’s computations to make sure that it has
finished before the next call. In the workflow of Figure 1,
the GPU computations should be completed before the
CPU fills the next bank of data to achieve optimal per-
formance. This working point depends on many factors,
including the complexity of the functions called, the size
of the bank to process, the splitting multiplicity and the
average number of collision per real particle. Then one
has to adapt the parameters of the seTLE GPU to obtain
optimal speed-up factors. We chose to leave it up to the
user to set them according to their configuration. In the
following section, we present the results obtained in the
bunker configuration when the parameters are varied.

3.4 Influence of the parameters

We now assess the impact of the different parameters of
the seTLE on the GPU with the bunker configuration
(Fig. 2, top-left): the splitting multiplicity, the number of
physical CPU cores used in parallel and communicating
with the GPU, and the bank size.

3.4.1 Number of pseudo-particles sampled and number of
physical CPU cores

In this section, the score is evaluated in the room behind
the wall of the bunker. The results of Figure 3 are now
replicated with the use of parallel CPU core random walk
computation. We recall that a part of the GPU mem-
ory is allocated to each physical CPU core, and that no
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Fig. 4. Parameters study for the bunker configuration: speed-
up factor behind the wall to a single CPU TLE function of the
number of CPUs used for seTLE GPU for different settings.

memory is shared between the cores. This avoids con-
flict problems, but duplicates memory and GPU calcula-
tions. All the results presented are obtained by comparing
them with the CPU implementation of the TLE on a
single CPU core. The speed-up factor obtained with
seTLE GPU-based with several CPU cores is illustrated
in Figure 4 for different splitting multiplicity. For each
splitting multiplicity, two distinct behaviors are observed.
Initially, the speed-up factor increases linearly with the
number of physical CPU cores involved in the simulation;
the higher the splitting multiplicity, the steeper the slope.
Subsequently, a plateau is reached between 7 and 11 CPU
cores, depending on the chosen multiplicity. In this config-
uration (configuration 1), the optimal trade-off is achieved
with a splitting multiplicity of 60 using 7 physical CPU
cores in parallel. The plateaus observed in Figure 4 result
from the saturation of the GPU’s compute capabilities.
It is worth noting that when GPU-based sampling is dis-
abled, this saturation does not occur. In such cases, the
GPU consistently processes the particle banks faster than
the CPU cores can populate them.

We then evaluate the influence of the splitting multi-
plicity on the fuel assembly configuration. A single phys-
ical CPU core performs the random walk for both the
TLE implementation on CPU and the seTLE GPU-based
implementation. The results are illustrated in Figure 5
and represents the speed-up factor across all mesh cells
throughout the entire geometry. As in configuration 1,
the speed-up factor increases with the splitting multiplic-
ity. Contrary to the bunker, however, the speed-up factor
is averaged over all the cells of the mesh. It reaches a
value of 7.54 for a splitting multiplicity of 64, and its spa-
tial repartition is discussed in Section 3.5.2. Interestingly,
the speed-up factor plateau is reached before the graphics
card is saturated. This means that beyond a certain level
of splitting multiplicity, the information provided by the
supplementary pseudo-particles no longer compensates for
the lower weight associated with each pseudo-particle.
This observation also holds Fig. 3 when GPU-based sam-
pling is enabled and the simulation is executed on a single
processor. In such cases, the optimal configuration is pri-
marily dictated by the underlying physics and mesh refine-
ment, rather than by hardware limitations. At a splitting
multiplicity of 128, the gain in terms of speed-up factor
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Fig. 5. Speed-up factor in the configuration 2 (the fuel assem-
bly) as a function of the splitting multiplicity. Both TLE CPU
and seTLE GPU use a single CPU.

decreases: in this case, it is associated with GPU satura-
tion.

3.4.2 Bank size

Similarly to the number of pseudo-particles per collision,
the size of the bank sent to the GPU determines the
number of operations done on the device at a time. It
affects the percentage of the computing capacity used
by a single CPU as well as the overall seTLE perfor-
mance. Experiments were carried out for different bank
sizes in the bunker configuration (from 2048 to 65538),
using five parallel CPUs for the random walk of the real
particles, and a splitting multiplicity of 24. Sampling on
GPU was enabled, which also increased the computations
of the GPU. We observe that the speed-up factor behind
the wall increases up to 32768 rays per bank. Over this
size of bank, the speed-up factor behind the wall remains
constant. This plateau corresponds to an operating point
where the bank takes longer to fill than to process. What’s
more, there is no decrease in the speed-up factor, as the
graphics card’s computational load is not saturated. The
value of the plateau as well as the bank size at which it is
reached depend on the splitting multiplicity.

3.4.3 Discussion

Finding a trade-off between the amounts of operations
done on GPU for each CPU involved in the simulation
depends on many parameters. Some are given by the com-
plexity of the simulation, the number of materials and iso-
topes involved, the number of volumes in the geometry, or
the available hardware. Some others, like the number of
volumes in which one has to score, or the parameters spe-
cific to the GPU, can be adapted consequently. As illus-
trated in Figures 4 and 5, the optimal set of parameters
may differ drastically depending on the simulation. In the
case of the fuel assembly, the number of volumes and the
dimensions of the simulation require fewer simulated par-
ticles and fewer resources to achieve good performance. In
contrast, the bunker configuration is adapted to a higher
splitting multiplicity with respect to the small number
of materials and isotopes as well as geometric primitives
involved.

Fine-tuning the parameters on GPU according to the
simulation is a key in optimizing the performances of the
GPU implementation of the se TLE. To that end, the split-
ting multiplicity, the size of the bank and the number of
threads per bloc can be set in the input data. In any GPU-
oriented application, the host should wait as little as pos-
sible for the device results to limit the negative impact
of the device computations. In this workflow (Fig. 1), the
bank should be sufficiently large to guarantee that the
device has finished processing the previous bank before
the new one is filled. Consequently, the greater the split-
ting multiplicity, the larger the bank should be.

In addition, we decided to have the CPUs commu-
nicate with a single GPU, which linearly increases the
device footprint memory and computational load. The aim
is to use as many CPUs as possible without saturating
the graphics card. One solution we selected for the next
section is to use a splitting order of around 24, for 4 or 5
CPUs in parallel and a bank of 2! rays, with the sampling
on GPU.

A parameter that was not discussed so far is the num-
ber of threads per block involved on the GPU. Its influence
can be resumed as follow: when using the maximum num-
ber of threads per bloc (1024 for the RTX A4500), the
speed-up factor is maximized but it increases the GPU
computational burden. One could chose to reduce this
number of threads per bloc to enable more CPUs in par-
allel with one GPU, thus increasing the speed-up factor
when comparing to a simulation on one CPU.

3.5 Spatial performances

The performances are now assessed in the three config-
urations with a focus on the spatial repartition of the
speed-up factor obtained with the seTLE on GPU when
compared to the TLE on CPU. The comparison for both
experiments is made using the same number of physical
CPU cores. To that end, we boil down to a single physical
CPU core for both TLE CPU and seTLE GPU. It makes
the comparison fairer, since parallel computing on CPUs
is now standard in Monte Carlo simulations.

3.5.1 Experiment 1: bunker

In the first experiment (Fig. 2 top-left), the ray tracing on
GPU is done using the best set of parameters obtained in
Section 3.3: a splitting of 24 and a bank of 2! rays. The
number of physical CPU cores used to compute the ana-
log random walks in parallel is five. The speed-up factor
per cell is illustrated in a slice of the volume in Figure 6.
The first observation is that only 23 cells out of 106 have
a FOM ratio below 1: all the scores in the other cells
are higher, meaning that the seTLE on the GPU accel-
erates the simulation. On average, the speed-up factor is
8.56, and the median is 5.47. Cells with a score below
the median are mostly within the room and close to the
source. In fact, in the air accessible in a straight line from
the source, the TLE CPU and the seTLE GPU have simi-
lar behaviors since few collisions occur. The contributions
to the acceleration factor then come from the rays emit-
ted from the source, and the secondary rays coming from
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Fig. 6. Acceleration factor of the seTLE GPU compared to

the TLE CPU in the bunker configuration. White pixels corre-

spond to discarded cells for which the relative standard devia-

tion is above 20% for either seTLE GPU or TLE CPU.

the walls. The acceleration factor in the area close to the
source is about 1.7. The overall average score is increased
by high speed-up values behind the shield and outside the
bunker. Note that by taking the number of CPU cores used
for the simulation into account, one retrieves the speed-up
factor of 250 behind the wall illustrated in Figure 4.

Outside the walls of the bunker, two categories of cells
are distinguished. The cells discarded (because of too high
a standard deviation) are those for which the segment
between them and the source crosses a long portion of
concrete; hence, a hard exponential attenuation of the
particle weight. The cells for which the FOM is evalu-
ated outside the room have enough statistical information
for both TLE CPU and seTLE GPU. In that case, the
acceleration factor exceeds 100. Note that a majority of
the cells outside the bunker were discarded due to a too
low MC convergence only for the TLE CPU.

3.5.2 Experiment 2: nuclear fuel assembly

We evaluate the neutron flux in the criticality simulation
in the nuclear fuel assembly. A splitting multiplicity of
24 and a bank of 26 are used. The number of physical
CPU cores used in parallel is three. This set of parame-
ters provides a good trade-off between the total simulation
time and the average speed-up factor over the geometry.
The simulation results and the speed-up factor map are
illustrated in Figure 7. In the center slice of the assembly,
one can observe in Figures 7a and 7b that the tally map
generated by the TLE CPU is less converged and noisier
than one of the seTLE on GPU. On average, the speed-
up factor over the cells are 6.30, and the median is 6.67.
In total, five cells obtain a speed-up factor less than one.
The seTLE GPU shows lower performance in geometry
boundaries, which may be explained by boundary condi-
tions. The multiplicity order of the seTLE for boundary
conditions is set to 1, meaning that, in the case of the
eTLE alone, only the real particle is duplicated and trans-
ported along a straight path. In contrast, in the inner part

of the assembly, the speed-up factor increases, reaching its
maximum of 16.2 in the burnable poison tubes (Fig. 7c).

3.5.3 Experiment 3: dogleg

In order to assess the performance of the seTLE method
relative to the standard TLE across different geometric
regions, the dogleg configuration described in Section 3.1
is particularly well-suited. This is due to the placement
of detectors upstream of, within, and downstream of the
shielding structure. Table 3 presents the results for the
photon source simulation, while Table 4 summarizes the
results for the neutron source. The simulation parameters
for the photon source simulation using seTLE include a
splitting multiplicity order of 84 and a bank size of 2'6.
On average, each photon history undergoes approximately
11 collisions. For the neutron source simulation, the split-
ting multiplicity order is set to 62, with an increased bank
size of 217, In this case, each neutron history results in
an average of 70 collisions. The lower splitting multiplic-
ity and larger bank size for the neutron case are motivated
by the significantly higher number of collisions per particle
history. Both simulations are performed on a single phys-
ical core. The simulation time for TLE is 5.2 x 10%s and
for seTLE is 6.04 x 10° s for the photon configuration, and
5.39 x 10%s and 5.39 x 10° s respectively for neutrons. For
the configuration involving the photon source, the accel-
eration factor is on the order of unity for detectors located
directly in front of the source. It increases approximately
50-65 in the other legs, and reaches values around 100 for
the detectors positioned downstream of the shielding. For
the configuration with the neutron source, the accelera-
tion factor is approximately 40-55 in the two orthogonal
bends, and reaches about 60 in the region located behind
the shielding.

3.5.4 Discussion

In each of the three configurations, the GPU-based seTLE
version brings significant speed-up factors over the detec-
tors of the geometries when compared to the CPU-based
TLE. The different configurations cover neutron and pho-
ton sources, point sources as well as extended ones. The
simulations also address shielding and criticality scenarios,
and the detectors consist of meshes mapping the geome-
try or spherical detectors in the case of the dogleg config-
urations. This illustrates the contribution of the expecta-
tion estimator (which, theoretically, outperforms its asso-
ciated estimator) when leveraging the GPU’s capability.
Spatial analysis also enables a better understanding of
the seTLE GPU’s contribution: indeed, the distribution
of speed-up factors shows correspondences from one con-
figuration to another. First, in the nuclear fuel assembly,
the highest speed-up factors are achieved in the burn-
able poison tubes (Fig. 7b), where the particles are more
likely to be absorbed. This results in fewer intersections
between the paths of real particles and the cells for the
TLE. Similar observations can be made on the concrete
walls of the bunker configuration (Fig. 6). However, the
source term in the nuclear fuel assembly covers the entire
geometry and thus the highest speed-up factors in the poi-
son tubes. In the bunker and in the dogleg, the point
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Fig. 7. Neutron flux in a nuclear fuel assembly in neutron.cm/s (a), standard deviation in percent (b) for the TLE on CPU
and the seTLE on GPU. Speed-up factor of the seTLE GPU compared to the TLE CPU (c).

source terms make some regions of the geometries even
less likely to be crossed by the paths of the real parti-
cles. Such areas, downstream of the shielding, show the
highest speed-up factors. In addition to the low statisti-
cal information given by the real particles to the TLE,
the detectors in these areas are located in the air, thus a
higher statistical weight of the pseudo-particles when com-
pared to detectors inside the optically thick materials. In
the dogleg configuration, the highest speed-up factors are
achieved downstream of the shielding, where the contribu-
tions of the real particles are less important whereas the
pseudo-particles, mostly emerging from collisions on the
walls of the left-hand side room do not cross any obsta-
cle before reaching the detectors. In both the bunker and
the dogleg with neutrons or photons, the lowest speed-up
factors are achieved within short optical length from the
source.

In the bunker simulation, scoring outside the bunker
shows little interest in practice, except at the exit where
someone could stand. From a development point of view,
we observe areas (Fig. 6) where the speed-up factor is dis-
carded because of high standard errors for both estima-
tors. In such areas, neither the CPU-based TLE nor the

GPU-based seTLE provides information. For the first, the
real particles hardly reach these areas while for the sec-
ond, the attenuation of the concrete walls is too strong,
thus a very low statistical weight for the particles are
reached. In-between these two extrema, there are areas
outside the bunker where the real particles do not go while
the pseudo-particles are less attenuated. In that case,
the speed-up factor may exceed 100 (e.g., bottom left of
Fig. 6).

It must be emphasized that the seTLE enables sub-
stantial gains across numerous detectors, where conven-
tional VRT-type methods would typically require cus-
tomized setups for each individual tally. As a result, when
scoring in multiple detectors, the seTLE offers a more
straightforward and user-friendly solution. In certain con-
figurations, the seTLE could even be combined with VRT
approaches for instance, by constraining the sampling of
pseudo-particles within a specific angular domain to pref-
erentially direct rays toward regions of interest. Moreover,
one could envision a similar implementation for a wide
range of forced-flight techniques, including point detec-
tors, surface-based DXTRAN, or even forced-detection
eTLE-type methods.
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Table 3. Results for the dogleg photon source configuration using TLE and seTLE, and associated speed-up factor.

Detector TLE flux [ecm™2s71!] TLE std (%] seTLE flux [em™2s7!] seTLE std [%] A/o  Speed-up 7FOFI\(2¥LE
1 1.793 x 103 0.07 1.792 x 102 0.17 0.36 1.4
2 8.955 x 10~6 0.10 8.942 x 106 0.26 0.51 1.2
3 4.657 x 1076 0.13 4.641 x 10~ 0.37 1.12 1.1
4 5.957 x 10~7 0.37 5.985 x 10~7 0.15 -1.20 50.0
5 1.015 x 107 0.89 1.012 x 107 0.33 0.33 63.3
6 2.692 x 10~ 1.73 2.735 x 108 0.61 -0.88 68.7
7 2.791 x 1079 5.39 2.740 x 10~? 1.67 0.33 91.8
8 1.422 x 108 2.43 1.389 x 108 0.70 0.91 104.7
9 1.282 x 109 7.99 1.303 x 109 2.17 -0.20 116.7
10 2.584 x 10~10 18.36 2.352 x 10~ 10 6.37 0.47 71.4
11 2.933 x 10~10 16.19 3.246 x 10~10 11.31 -0.52 17.6

Table 4. Results for the dogleg neutron source configuration using TLE and seTLE, and associated speed-up factor.

Detector ~TLE flux [em™2s~!] TLE std [%] seTLE flux [em~2s7!] seTLEstd [%] A/o  Speed-up Fgﬁ’ll\“/[LE
1 1.918 x 1075 0.09 1.911 x 1075 0.19 1.6 2.2
2 9.422 x 10~ 0.13 9.438 x 10~6 0.30 -0.5 1.9
3 3.965 x 1076 0.20 3.977 x 1076 0.53 -0.56 1.5
4 1.296 x 106 0.34 1.288 x 106 0.18 1.60 36.6
5 4.517 x 1077 0.58 4.4771 x 1077 0.30 1.35 37.5
6 2.095 x 10~7 0.85 2.090 x 10~7 0.43 0.27 38.6
7 2.949 x 1078 2.27 2.910 x 1078 0.98 0.54 53.8
8 4.251 x 10~8 1.90 4.150 x 10~8 0.77 1.16 60.3
9 1.160 x 108 3.63 1.182 x 1078 1.48 -0.49 59.8
10 4.917 x 107? 5.55 5.407 x 1079 2.32 -1.63 57.0
11 6.366 x 10~° 4.90 6.224 x 10~° 2.13 0.42 53.0
< 140F ¢ 7 expected, the performance of seTLE compared to TLE
S 1200 7 improves as cell size decreases. It is also observed that the
% - trend is not linear, but rather exhibits superlinear behav-
4= 100 ] ior. The average speed-up factor is approximately 2 for a
% 80| * 1 cell size of 50 cm, around 38 for 6 cm, and reaches 144 for
- 60 . 7 the finest cell size of 0.5 cm.
8 401 . b This spatial observation also holds for the energy vari-
Q 20F ¢ R able, and more generally, for all dimensions of the phase
n ok o L ° e ] space. In the case of the energy domain, the critical pin
10° 10! cell lattice benchmark provides a relevant example to illus-
Cell size trate this behavior. Figure 9 presents the average speed-

up factor per energy group for different energy discretiza-
tions, based on the 23U fission rate in the fuel volumes.
Four group structures are considered: 50, 200, 800, and
3200 groups. Each finer group structure is nested within
the previous one: the 3200-group structure includes the
boundaries of the 800-group one, which in turn includes
those of the 200-group and the 50-group structures. This
nesting ensures a consistent and meaningful refinement

Fig. 8. Average speed-up factor behind the wall between
seTLE and TLE for different cell sizes in cm.

3.6 Influence of phase space discretization on tallies

One of the key advantages of seTLE is its ability to
capture contributions across a broader phase space for

tallying. Intuitively, as the phase space mesh is more
finely discretized for the desired tally, seTLE’s perfor-
mance improves relative to the TLE. The divergence in
the number of contributions to the statistical quantity
between seTLE and the TLE becomes more pronounced
as the phase space discretization increases. For example,
in the case of a bunker, this discrepancy can be spatially
observed by varying the cell size behind the shielding.
Figure 8 illustrates the speed-up factor behind the wall
between seTLE and TLE for varying cell sizes, ranging
from 0.5 cm to 50 cm for a splitting multiplicity of 42. As

comparison. Figure 9 results clearly show that the speed-
up factor achieved by the seTLE on GPU increases with
the resolution of the energy mesh. This trend is consistent
with previous spatial analyses involving detectors embed-
ded in poison tubes and concrete walls: the lower the
probability of a real particle reaching a given phase-space
detector, the higher the potential efficiency gains from
the seTLE method. Moreover, when multiple phase-space
variables are discretized simultaneously, the gain provided
by the method corresponds to the product of the individ-
ual gains obtained for each variable independently.
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Fig. 9. Average speed-up factor per energy group for different
energy discretizations in the fuel volumes of the fuel assembly.

This observation also suggests that the seTLE may
not provide a significant acceleration for the evaluation of
the effective multiplication factor (keg) in criticality cal-
culations, compared to the standard TLE. Indeed, this
quantity is inherently global, as it involves contributions
from all fissile regions of the geometry. However, such an
evaluation would incur only a modest computational cost
and could be used to complement the combined k esti-
mate with a standalone kg in order to reduce the overall
covariance.

An application where fine spatial resolution is critical
for radiography. In this context, the GPU-based seTLE
could serve as an accelerator-driven imaging technology
for neutron and photon radiography. Indeed, a very high
splitting multiplicity drastically increases the number of
contributions within each pixel. One could even envision
forcing each pseudo-particle toward a specific pixel, or a
set of pixels, by sampling its direction from a non-analog
probability density function.

4 Energetic considerations on FOM and
hybrid CPU/GPU implementation

The FOM is a practical and conventional metric in Monte
Carlo methods that allows, among other things, the quan-
tification of the gain achieved between a tested method
and a reference method, as in this case. This ratio thus
provides the user with an estimate of the potential perfor-
mance achievable using this method, whether on a stan-
dard workstation equipped with a sufficiently powerful
graphics card or on a heterogeneous supercomputer. This
method, well-suited for heterogeneous computing, aligns
well with the evolution of scientific computing hardware.
However, the FOM ratio does not strictly reflect the actual
gain achieved. In fact comparisons involve, on the one
hand, a computation performed on a single physical CPU
core (TLE) and, on the other hand, a computation exe-
cuted on a single physical CPU core supplemented by a
GPU (seTLE). To accurately compare the gain achieved
by the hybrid method, the energy consumed is the most
rigorously appropriate primary metric.

To this end, the total system power consumption, with
and without the GPU, is measured using a wattmeter
placed between the wall outlet and the Intel worksta-

250F ‘

Linear regression
a=63W
b=147.8W

N

N

(S,
T

Consumption (W)
= N
~ o
oo

=

Ul

o
T
.

2 4 6 8 10 12 14 16

Number of physical CPU cores

Fig. 10. CPU power consumption used for the simulations.

tion. At idle, the workstation consumes 85 W, rising to
151 W during computation with a single physical CPU
core, so P = 66 W consumption associated with the
Monte Carlo simulation using a single physical CPU core.
As shown in the Figure 10, each additional physical core
contributes an average increase of P2 = 6.3 W in power
consumption. The GPU’s contribution to power consump-
tion Pgpy is approximated as the difference between the
total system power measured by the wattmeter and the
power associated with the active physical CPU cores. We
illustrate it in the following equation, yet it is part of the
wattmeter measurement during the seTLE simulations on
GPU. In order to assess the energy efficiency improvement
introduced by the method, the following formulation is

proposed:

Pcpy

Go=5— P
Pepru + Papu

aPCPU = PSt + (NBcore - ]-)POth

core core

2
orLe ITLE Pcpy

3
o0%.re LsetLE Popu + Papu

where N Bcgre is the number of physical CPU cores used
during the hybrid simulation. Ge is the ratio of the energy
consumed by each estimator, weighted by the correspond-
ing variance ratio. We illustrate the energy savings for
different settings on Figure 11 and Table 5. To produce
the first results, we use the same bunker configuration
as in Section 3.4. In particular, the Cartesian mesh is
1000 x 1000 x 1000. It is recalled that the FOMs are aver-
aged over the cells located behind the shielding wall. The
energy gain decreases with the number of physical CPU
cores. This behavior arises because each additional core
adds only ~ 6.3 W of local power consumption, yet pro-
duces a similar amount of data as the first core, which
must be processed by the GPU. Consequently, the GPU
becomes increasingly loaded, leading to a higher rise in its
energy consumption. In the expression for Ge, the denom-
inator grows faster than the numerator.

In the case of the dogleg configuration, photons
exhibit a better energy saving factor, primarily due to
a higher speed-up factor and because the scattering sam-
pling process is simpler compared to neutrons. As a result,
the GPU operates more efficiently, leading to lower power
consumption. The GPU power consumption reaches 89 W
for the photon case (splitting number 84), versus 91 W
for the neutron case (splitting number 62). The optimum
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Fig. 11. Energy saving factor for tally behind the wall between
seTLE and TLE for a splitting multiplicity of 42 as a function
of the number of physical CPU cores used.

Table 5. Energy saving factor for the dogLeg configura-
tion with photon and neutron sources.

Detector G, source photon G, source neutron
1 0.6 0.9
2 0.5 0.8
3 0.5 0.6
4 21.3 154
5 27.0 15.7
6 29.3 16.2
7 39.1 22.6
8 44.6 25.3
9 49.7 25.1
10 30.4 24.0
11 7.5 22.3

is reached at a value of 50 for photons and 25 for neu-
trons, for the best detectors. Overall, these results are
less impressive than the acceleration gains in terms of
FOM, but they need to be put into perspective. Firstly,
we have seen that these gains could be even greater if
we used an even finer mesh. Secondly, they can be sig-
nificantly greater than 1 despite the higher energy con-
sumption of the GPU compared with that of the phys-
ical CPU cores. As more and more supercomputers are
equipped with graphics cards, this solution saves the user
both simulation time and energy consumption. This dou-
ble saving shows that the solution is perfectly in tune with
today’s challenges. It also appears that GPU consumption
does not evolve linearly (and even less rapidly) with the
number of physical CPU cores used in parallel: it remains
interesting from an energy point of view to use as many
as possible without saturating the graphics card. Finally,
it can also be noted that the gains with the method are
obtained in many volumes of the phase space. If we were
to compare it with the usual VRT methods, which have to
be rerun for each volume, we can also expect interesting
performances.

5 Conclusion

The effort in this work was to minimize the influence of
all parts of seTLE that increased the total CPU simula-
tion time by offloading them to the GPU. By doing so,
the total simulation time using the GPU sampling and
implementation of the seTLE becomes shorter than that
of the analog random walk of the real particles and the
scoring of the TLE on CPU. Thus, porting the seTLE
to the GPU significantly improves the estimation of vol-
umetric observables such as spatial or energetic flux or
reaction rate maps. Recalling the observations in Table 1,
we can immediately see that it makes the estimator usable
in Monte Carlo simulations.

A study of the influence of the different parameters
used in our implementation of the estimator allows a
better understanding of the strengths and limitations of
the proposed approach. The hybrid CPU-GPU architec-
ture used in the paper enables parallel simulation of real
particles from several physical CPU cores while comput-
ing seTLE on the GPU asynchronously. The limitation
is hardware, that is, the speed-up factors obtained with
seTLE GPU increase linearly with the number of physi-
cal cores CPU involved, up to the saturation of the GPU.
To achieve the best speed-up factors possible, one has to
fine-tune the parameters depending on the simulation to
achieve optimal load balancing between CPU and GPU.

We evaluated the performance of our implementation
in various experiments, including shielding and critical-
ity, neutron and photon transport, and scoring in spatial
Cartesian mesh or spherical volumes and energetic grids.
Apart from a few volumetric detectors close to the point
sources in the bunker configuration, all the speed-up fac-
tors obtained exceeded 1 when comparing the GPU-based
seTLE and CPU-based TLE. The speed-up factor often
reaches a few dozens in areas of interest of the phase space
and exceeded 100 in areas hard to access for the real par-
ticles. In addition, the last study of Section 4 showed that
the proposed implementation allows for an energy saving
despite involving a supplementary GPU. That makes it
suited to the hybrid CPU-GPU clusters, and is in line
with the need for a reasonable energetic consumption.

This implementation paves the way to simultaneous
tally map computation on GPU combined with more clas-
sic tally estimations in sparse and limited number of detec-
tors on CPU. Such solutions, with adapted variance reduc-
tion techniques, could allow for scoring in places where
standard TLE or the seTLE are limited.

It is important to note that the method can be applied
to estimate any quantity that is traditionally evaluated
using the standard TLE or collision estimators. Moreover,
the straight-line transport of pseudo-particles in asyn-
chronous way on GPU naturally extends to point estima-
tors, DXTRAN forced-flight techniques, and other meth-
ods within this family. Applications range from reactor
physics and radiation shielding to radiographic imaging.

Currently, one drawback of the implemented ray trac-
ing is the absence of acceleration structure such as the
Axis Aligned Bounding Boxes and the Boundary Volumes
Hierarchy. Another perspective will be to integrate
other geometric primitives than spheres boxes and
cylinders to match the complexity of nuclear installations
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such as a reactor core. An interesting development would
be to implement the ray tracing with a dedicated library,
such as Optix [38], developed by NVIDIA, to manage the
ray tracing in the geometry in an optimal way.
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