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Abstract. This article focuses on the capabilities, performance, and verification of GPU-optimized
REActor Physics Monte Carlo (GREAPMC), a multigroup Monte Carlo code, against multigroup simu-
lation on MCS; an in-house, CPU-based, Monte Carlo code. The simulation results for a three-dimensional
fuel assembly indicate a superior performance of GREAPMC over the conventional MC codes optimized
for CPU with one GPU card equivalent to approximately 13 CPU boards for the hardware employed in
this work. The immense potential of GPUs has led to the development of GPU-aware continuous energy
capability which is in progress with the target velocity sampling (TVS) part completed. The essence of
using GPU for continuous energy MC is quantified by simulating the effect of the number of histories on
the execution time for the TVS methods. The results show a remarkable acceleration compared to the
CPU. The findings provide a basis for further development in GREAPMC.

1 Introduction

Monte Carlo (MC) codes transport the particle within a
medium using random sampling. Hence, they are sub-
ject to stochastic uncertainty [1]. Reducing the uncer-
tainty is accomplished by increasing the number of histo-
ries/particles to be transported. However, this makes MC
codes inherently computationally intensive. The demand
for faster, yet accurate simulations translates to using clus-
ter computing which can skew the relation between the
speedup and efficiency [2]. A general-purpose graphical
processing unit (GPU) with thousands of cores is ideal
for the MC method which is generally considered to be
embarrassingly parallel [3].

Graphics Processing Units (GPUs) have evolved
beyond their original role in computer graphics. Unlike
Central Processing Units (CPUs) with a few high-
performance cores, GPUs boast thousands of simpler cores
optimized for parallel execution. These cores are grouped
to form streaming multiprocessors (SMs). A warp, consist-
ing of 32 threads, forms a thread block and each thread
block is executed on an SM.

The number of threads programmed in an applica-
tion can be much larger than the number of threads that
can run on an SM simultaneously. To address this, GPUs
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employ sophisticated schedulers. These schedulers dynam-
ically manage the loading and unloading of thread blocks
onto SMs. They consider factors like thread completion
status and memory access patterns to optimize resource
utilization. By efficiently swapping between thread blocks,
schedulers can hide memory latency and maintain high
throughput despite the vast number of threads.

GPUs employ a memory hierarchy tailored for par-
allel processing. Global memory, the largest but slowest
type, stores data accessible by all threads. However, its
limited bandwidth can hinder performance. To mitigate
this, GPUs uses caches and shared memory. Shared mem-
ory, local to an SM, offers faster access for frequently
used data within a thread block. L1 and L2 caches fur-
ther reduce memory access latency by storing frequently
accessed global memory data closer to the processing
cores. Finally, thread-private registers provide the fastest
storage but are limited in size. Efficient memory manage-
ment and data transfer between these memory levels are
crucial for optimal GPU performance.

The reactor physics community is already employing
GPUs for MC development. Bleile et al. sought algorith-
mic improvements for the MC method, specifically focus-
ing on the event-based method, using the Thrust library
[4]. They quantified the effect of using Structure of Arrays
(SOA) instead of Array of Structures (AOS) for the parti-
cle data. Okubo et al. performed multi-group calculations
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using delta-tracking on GPUs and verified the method
against benchmark results. The ratio of calculation time
between CPU and GPU was found to be around 7 [5].
Liu et al. compared the performance of GPU against Intel
CPU and found a speedup factor of 2.2 [6]. Another opti-
mization study on event-based neutron tracking, utilizing
a multigroup MC code called Quicksilver [7], employed a
queue-driven methodology [8] for improved efficiency. In
this work, the history-based algorithm achieved superior
performance for multigroup material treatment, and the
event-based algorithm was superior for continuous energy
material treatment. Gao et al. enumerate the development
of a GPU-accelerated MC code MagiC using the event-
based methodology and energy sorting of the cross-section
data [9]. They found an impressive acceleration of around
2.5 compared to the AMD 7371 CPU for the Hoogenboom-
Martin performance benchmark problem [10]. Recently,
Lawrence Livermore National Laboratory (LLNL), USA
reported their work on porting the MC codes to the
Sierra GPU [11,12]. The optimizations have resulted in
a speedup of 7.61 for neutronic problems [12]. WARP,
the pioneering continuous energy code designed explic-
itly for GPUs, implements event-based neutron tracking
[13] and utilizes the GPU-accelerated ray tracing frame-
work OptiX for geometry representation [14]. Another
notable GPU-specific code, GUARDYAN, specializes in
time-dependent MC calculations for nuclear transients
[15]. OpenMC has also been adapted to use GPU pro-
cessing power [16], with a significant portion of its func-
tionalities successfully migrated to the GPU code base
[17]. Shift and PRAGMA are two continuous-energy MC
codes, with PRAGMA exclusively developed for GPUs
[18], while Shift has been adeptly modified to operate
on both CPUs and GPUs [19]. Notably, Shift’s GPU
adaptation was preceded by comprehensive investigations
conducted on Profugus [20], which leveraged multigroup
cross-sections. Profugus presented several novel optimiza-
tions for history-based and event-based neutron tracking.
In the history-based regime, a new method was presented
where the threads that have completed the simulation of
the particles are provided with new data periodically. This
method was included in PRAGMA with further refine-
ment. For multigroup cross-sections, history-based track-
ing offers better performance because it uses fewer reg-
isters, whereas event-based tracking suffers from perfor-
mance degradation due to the need for particle data sort-
ing between events [20]. Hamilton et al. reported superior
performance of Shift with history-based neutron tracking
using continuous energy cross-section for the fresh fuel
and with event-based neutron tracking for the depleted
fuel [19]. The same trend was reported by Namjae et al.
[18]. Particles are sorted between the events in an event-
based neutron tracking method. Cuneo et al. provided a
new on-GPU asynchronous scheduling method to reduce
thread divergence [21]. The application of the method to
MC particle transport can result in further acceleration
of the tracking algorithm due to reduced thread diver-
gence. In a recent work, Morgan et al. explored the pro-
duction options for rapid prototyping and testing novel
methods with GPUs [22]. They tested PyKokkos [23],
Numba threading [24], and Numba PyOMP [25] and found

pyKokkos to be more performant. However, pyKokkos
requires a large translation and compilation time [22].

Keeping in view the requirement of analysis and
design of Pressurized Water Reactors (PWRs), the UNIST
CORE lab is developing GREAPMC (GPU-optimized
REActor Physics Monte Carlo); a GPU-accelerated
Mounte Carlo code [26,27] using object-oriented program-
ming (OOP) paradigm in the CUDA C++ programming
model. The aim of development is to perform PWR sim-
ulations on GREAPMC, employing GPUs for a reduction
in execution time, while the remaining research work shall
still be performed using MCS, a general-purpose high-
fidelity in-house MC code [28]. Hence, the timing compar-
ison and verification are performed solely against MCS.

GREAPMC is still under development with the opti-
mization of history-based neutron tracking and geomet-
rical treatment already completed. Particle tracking in
GREAPMC relies on conventional surface tracking with
history-based neutron tracking for particle transport. Cur-
rently, the target is optimizing the geometry and track-
ing algorithm for the fresh fuel modeling, hence history-
based neutron tracking is selected for particle transport.
It is pertinent to mention that most of the particle data
in GREAPMC uses single-precision storage in contrast
to MCS which uses double precision throughout. This
article elaborates on the benefits and shortcomings of
GREAPMC’s algorithmic choices, specifically focusing on
the benefits of using GPUs for MC codes. The accelera-
tion is compared with MCS, which is run in multi-group
mode to ensure a consistent basis for comparison.

Using multigroup cross-sections limits the accuracy
of material representation in GREAPMC, necessitat-
ing a shift towards continuous-energy cross-sections. To
enhance GREAPMC’s applicability, the CORE lab is
actively developing the capability of GPU-accelerated
continuous-energy treatment, with the development of the
target velocity sampling (TVS) module complete. This
article also presents the verification of TVS results against
MCS under same simulation settings, along with the com-
parison of acceleration. This continuous-energy module
is designed for later integration with GREAPMC. After-
ward, the event-based neutron tracking shall be incorpo-
rated into the code before moving on to depletion.

The remainder of the article is divided into four sec-
tions. The second section describes the current status of
multi-group GREAPMC. The third section then presents
the results and explores the performance implications of
the algorithmic choices. Subsequently, the fourth section
details the brief background of the target velocity sam-
pling treatments. Adhering to the aim of developing a sim-
ulation tool that can execute problems in less time than
MCS, the target velocity sampling algorithms are verified
against MCS in the same section. Finally, the fifth section
concludes and provides a preview of future development
goals for the code.

2 Capabilities

In the interest of facilitating a comprehensive under-
standing of the code’s potential, this section details
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GREAPMC’s current capabilities, including optimization
of history-based neutron tracking, cell-based geometry
modeling, and cell-based tally.

2.1 History-based neutron tracking

GREAPMC optimizes history-based neutron tracking by
reducing each thread’s idle time. Conventional history-
based neutron tracking is where a particle is traced from
birth to termination within one monolithic transport loop.
The inherent variability in the history lengths causes idle
threads leading to loss of the computational resources on
GPUs. Hamilton et al. presented a modified history-based
neutron tracking [20]. The same was later refined and
incorporated into PRAGMA [18]. This GPU-optimized
tracking algorithm is termed history-length truncation
[20] and it is implemented in GREAPMC as a secondary
method. In this method, for efficient resource utilization,
the transport loop is controlled such that it iterates until
the particle undergoes a specific number of interactions.
Afterward, the particles are sorted in the host side (CPU)
according to the dead/alive state, and the GPU kernel is
again invoked with only alive particles and the process
continues until all the particles are marked dead. This
method aims at increasing resource utilization by reduc-
ing the number of idle threads. The number of interactions
before the next sorting operation is a hyper-parameter and
depends on the problem configuration and material infor-
mation. Another optimization that is originally applied in
event-based neutron tracking in Profugus (source event
method) [20] has been refined for history-based neu-
tron tracking. This algorithm is coined as the history-
replenishment method and serves as the primary history-
based neutron tracking method in GREAPMC. Like the
source event method, history-replenishment assigns new
particles from the same particle data to the threads that
have completed simulating the particles. In this way,
threads are always busy simulating the particles. The dif-
ference lies in the application and the number of threads
employed. In history-replenishment, the kernel is always
invoked with K threads where K < N /2, Nis the number
of histories. Reducing K up to a limit will increase the per-
formance. The optimal value of K depends again on the
problem specifications and can potentially be optimized
using machine learning. Source event method employed
N/10 threads [20] while in GREAPMC, the value is empir-
ically chosen as N/60.

2.2 Geometry modeling

While the majority of MC codes employ constructive solid
geometry (CSG) [28-31], GREAPMC uses cell-based geo-
metrical modeling instead of CSG. The benefit of cell-
based modeling is that the cell where a particle is located
is known throughout the transport loop. CSG can poten-
tially lead to the variable execution time of each thread
owing to the coordinate level a particle resides in. Addi-
tionally, the particle location is quantified multiple times
within the transport loop, although this operation incurs

a minimal overhead as the codes maintain a neighbor list
for each cell. This list contains the identifiers for neighbor-
ing cells. In most cases, this search is enough to locate the
particle in the CSG-based model. Nevertheless, replacing
CSG with cell-based modeling can reduce the slight vari-
ability of execution time during the search for a particle’s
location. Now the search is performed only once before the
particle transport loop begins. The downside of cell-based
geometrical modeling is the loss of generality in modeling
different types of reactors. However, as the focus of the
code is only modeling PWRs now, cell-based geometrical
modeling is deemed suitable.

2.3 Cell-based tally operation

Tally bin index searching is among the most crucial
aspects when considering the computational burden of the
MC method. Typically, MC codes employ a hash function
to accelerate the mapping between the particle’s location
and the index into the tally array [32,33]. MCS employs a
very efficient hash function which shows a superior perfor-
mance compared to other high-fidelity MC codes [6]. The
hash function of MCS is taken as a guide to design the
tally bin index searching scheme for GREAPMC.

The functionality of mesh tally has not been imple-
mented in GREAPMC as the region/call-based tally per-
forms adequately well even if the number of cells is
increased [27]. Conversely, traditional CSG-based MC
codes like MCS experience performance degradation in
cell-based tallies mainly due to the overhead associated
with surface tracking.

However, one potential limitation of GPU-based MC
codes is using atomic add operation in tallies. An atomic
add operation is guaranteed to be performed without
interference from other threads. Consequently, with a sig-
nificant increase in the quantities to be tallied, atomic
add operations can become a bottleneck, hindering per-
formance.

3 Performance quantification

All the simulations in this section are run on a 3D assem-
bly with black boundary conditions axially while other
boundaries are considered reflective. Figure 1 shows the
fuel assembly model. The material macroscopic cross-
sections and the geometric details are adopted from
the C5G7 benchmark [34]. The axial geometry is mod-
ified such that the dimensions of the assembly are
21.42 x 21.42 x 380 cm. The assembly contains a 10cm
moderator region at the top and the bottom respectively,
and the active fuel region is divided into 50 uniform
regions. The GREAPMC results are quantified against
MCS with five million particles per cycle, 70 inactive and
300 active cycles for all the simulations. The same multi-
group cross-sections are used in the inputs of both the
codes: MCS and GREAPMC. GREAPMC simulations are
performed on one NVIDIA GeForce RTX 3090 GPU card
while MCS simulations use 60 threads of AMD EPYC
7452 which has a base clock of 2.35 GHz and 32 cores
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Fig. 1. The fuel assembly model used in simulations.

with 2 threads per core. The remaining four threads were
reserved for debugging, development, and system tasks.

The performance of GREAPMC with an increase in
axial regions has already been quantified [27]. In such a
case, GREAPMC incurs a minimum increase in execution
time with the number of axial regions. The effect arises due
to differences in the computing architecture and because
the cell is always known, eliminating the need to even
search the neighbor list. In the current work, the impact
of surface crossing on the execution time is quantified by
increasing the number of rings from one to six. For these
six cases, the speedup in terms of the equivalent CPU
core count is calculated using equation 1. This equation
compares the single CPU core performance against single
GPU.

Equivalent CPU Cores =
(Number of CPU cores) x (CPU run time)
GPUrun time

S

Figure 2 illustrates the equivalent CPU cores required
to match the performance of a single GPU card for simu-
lations with varying numbers of rings. History replenish-
ment is employed for these results. The plot demonstrates
an increasing trend in CPU cores with increasing rings,
suggesting that the necessary core count would continue
to rise for more complex geometries. Notably, the equiva-
lent CPU cores reach 845 at six rings. This signifies that,
for a six-ring simulation, MCS would require 845 CPU
cores to achieve the same execution time as a single GPU
card running GREAPMC.

The current GREAPMC version uses multigroup
material treatment. With continuous energy cross-
sections, global memory accesses are much larger than
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in the multigroup case and act as bottlenecks. Neverthe-
less, current development aims to optimize history-based
neutron tracking to simulate fresh fuel cases. The perfor-
mance of GREAPMC is not solely due to the geomet-
ric treatment. CSG-based MC codes maintain a neighbor
list to search for the particle; hence, the subroutine to
locate a particle’s cell readily quantifies the particle’s cell.
The performance disparity between GREAPMC and MCS
is primarily attributed to differences in the underlying
architecture and execution model of the GPU and CPU.
Cell-based geometry only eliminates the function calls to
find the cells. The performance of history replenishment
is equivalent to the history length truncation method. For
instance, with the specific number of interactions after
which the particles are sorted in the history length trun-
cation method set to an empirical value of 40, the six-ring
case provides an equivalent CPU count of 843. This means
both methods incur nearly identical execution times when
fully optimized, for the multigroup material representa-
tion. Profugus also used a multigroup material represen-
tation [20], however, we cannot compare our results with
Profugus’s as the GPU model used in their work is differ-
ent. The number of CUDA cores and memory size impact
the performance.

The number of surface crossings in surface tracking
is expected to increase as geometry includes more radial
rings. The rise in surface crossings is attributed, in part,
to the reflective boundary condition. With the reflective
boundary condition, there is no loss of neutrons via leak-
age hence more neutrons are available for surface cross-
ings.

Loss of performance encountered by adding the radial
rings to the fuel can be quantified using a ratio between
execution time with one ring to any number of rings as
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Fig. 2. Equivalent CPU core count versus the number of rings
in the fuel rod.

Table 1. The loss percent signifies the increase in execu-
tion time due to the radial rings.

Radial rings in fuel rod MCS (%) GREAPMC (%)

2 28 13
3 41 24
4 50 31
) o7 38
6 63 44

given in equation 2.

Loss percent =

( Execution time with one ring

) x 100.  (2)

Execution time with n rings

Table 1 shows the values of the loss percent with MCS
and GREAPMC. The ideal value of the loss percent is
zero signifying no performance penalty with an increase
in radial rings. As more rings are added, both codes suffer
the performance penalty owing to more surface crossings.
However, the performance loss with MCS is greater than
GREAPMC. With 6 rings, GREAPMC runs 44% slower
than the case with one ring while MCS suffers a slowdown
of 63%. MCS performance loss also includes the commu-
nication overhead due to the MPI calls.

Delta tracking [35] addresses the performance degra-
dation due to a significant increase in surface crossing
events when modeling fuel rods with multiple radial rings.
It effectively treats the fuel rod as a single ring in the
radial direction, minimizing surface crossings and enhanc-
ing computational efficiency.

To mitigate the potential issue of heavy absorbers or
high levels of material heterogeneity, a modified multi-
regional delta tracking method [36] can be adopted where
delta tracking is confined to the fuel region itself.

The assessment of the tracking rate per unit cost (neu-
trons/s/$) gives further insight into the benefits of using
GPU for the MC method. Taking the cost estimate of 60
CPU cores and RTX 3090 GPU card, the tracking rates
are divided by the unit costs to obtain Figure 3. The cost
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Fig. 3. Comparison of tracking rate per unit cost between
MCS and GREAPMC.

of a GPU card is estimated at $1600, while the price of 60
CPU processors is roughly taken as $2000. The left y-axis
and blue bars quantify the tracking rate per unit cost for
GREAPMC while the right y-axis and red bars quantify
the MCS values. The tracking rate of both codes decreases
as the number of rings increases.

GREAPMC achieves a tracking rate per unit cost
of around 1180 for simulations with six radial rings. In
contrast, MCS manages a tracking rate per unit cost of
approximately 67. This significant difference demonstrates
the potential economic efficiency of GPUs for running
large-scale Monte Carlo simulations.

4 Target velocity sampling

TVS is a crucial factor for accurately modeling thermal
and epithermal neutron energies. The thermal motion of
target nuclides significantly influences the elastic scat-
tering cross-section, especially for heavy nuclides with
prominent resonance regions, such as 23%U. Scattering
interactions with these nuclides can lead to neutron up-
scattering. This up-scattering must be carefully consid-
ered as it can result in an over-estimation of reactivity
[37]. Therefore, proper quantification of TVS is essential
for the accurate analysis and safe operation of light water
reactors (LWRs).

Among the various methods developed to account for
the energy dependence of the elastic scattering cross-
section while sampling target velocities, we have imple-
mented four such methods; constant cross-section (CXS)
method [38], doppler broadening rejection correction
(DBRC) [39], relative velocity sampling (RVS) [38], and
fast effective scattering kernel (FESK) [37]. Similar to
the Shift code [19], the neutron energy within the energy
grid is searched using a hash function with 8000 lethargy
bins [40]. Although Relative Speed Tabulation (RST) is
developed specifically for GPUs by Namjae et al. [41],
the method is not considered due to the memory over-
head associated with the storage of tabulated data. The
methods discussed briefly here are widely used in the reac-
tor physics community and are implemented in almost all
GPU-based Monte Carlo codes [17].

The CXS method, also known as sampling of the veloc-
ity of the target nucleus (SVT) [42] assumes that the
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cross-section remains relatively constant within the range
of relative target velocities. This approximation is valid for
the majority of nuclides but can significantly impact up-
scattering incidents for nuclides having strong resonance
regions, introducing distortions in eigenvalue calculations
and fuel temperature coefficient [37].

The DBRC method is one of the approaches to address
the shortcomings of CXS. This method involves deter-
mining the maximum elastic cross-section at zero Kelvin
temperature within the range of relative velocities. After
performing relative velocity sampling using the CXS
method for a given temperature, the DBRC method
applies a rejection step by comparing the sampled
cross-section to the maximum elastic scattering cross-
section in that region. This process is repeated until
an acceptable sample is obtained. However, the DBRC
method can be computationally demanding due to the
numerous rejections, particularly in regions with strong
resonances.

The primary distinction of the RVS method from
the DBRC method is that instead of sampling relative
velocity, the RVS method directly samples the target
velocity using a cumulative distribution function (CDF)
derived from the zero Kelvin temperature cross-section.
This approach significantly reduces the number of rejec-
tions compared to the DBRC method.

The implementation of FESK, also known as the
weight correction method (WCM) [43], is straightforward.
It samples the relative velocity using the CXS method.
The pdf for the angle is assumed isotropic while veloc-
ity is sampled from a Maxwell-Boltzmann distribution.
This method provides the accuracy equivalent to the
DBRC method with an execution time similar to the CXS
method. The only downside is that it can affect the statis-
tics of the tallies due to the large weight variation of
the neutrons. Hence, it requires an appropriate variance
reduction technique to improve the statistics.

Since  FESK directly operates on the neutron’s
weight, its performance cannot be quantified unless the
continuous-energy cross-section treatment code is coupled
to GREAPMC. Consequently, in this work, the perfor-
mance of CXS, DBRC, and RVS on GPU is compared to
the performance governed by MCS on CPU.

4.1 Verification of elastic scattering treatment

GPU-accelerated elastic scattering techniques are veri-
fied for two low-energy resonances of 238U: 6.67 eV and
36.67eV, at a temperature of 900 K. The resonances are
shown in Figure 4. Neutrons with slightly lower energies
(6.52eV and 36.25eV, respectively) are sampled using
three methods: CXS, DBRC, and RVS. The number
of particles is varied from five to ten million to assess
the performance. Here, the performance is assessed on
a single CPU core against a single GPU card. Jensen—
Shannon divergence (JSD) [44] is employed to quanti-
tatively compare the probability distributions obtained
from GPU-accelerated TVS code and MCS. MCS does
not employ RVS, therefore, RVS results are compared to
DBRC results from MCS. The JSD score is a metric used
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Fig. 4. 238U total cross section at low energies.

to quantify the similarity between two probability distri-
butions. It combines the information from the Kullback-
Leibler divergences in both directions, providing a single
measure of dissimilarity. The formula for Jensen-Shannon
divergence is provided in equation 3.

ssp(plg = KPR LK@

Here K denotes the Kullback-Leibler divergence and M is
the pointwise mean of P and Q. A smaller JSD value sig-
nifies a higher degree of similarity between the two prob-
ability distributions.

4.1.1 6.52eV scattering kernel

Figure 5 to Figure 7 present the probability distribu-
tions obtained using the CXS, DBRC, and RVS meth-
ods, respectively, for a 6.52eV neutron. Since the GPU
implementation of CXS and DBRC leverages code from
MCS, we expect a good agreement between the results
from both approaches. This expectation is confirmed by
Figure 5 and Figure 6, which indeed show a close quali-
tative match between the distributions generated by the
GPU code and the MCS for both CXS and DBRC. Simi-
larly, the RVS probability distribution from the GPU code
matches the DBRC distribution from MCS.

Table 2 provides a quantitative assessment of the
agreement between the probability distributions gener-
ated by MCS and the GPU code for three different TVS
methods: CXS, DBRC, and RVS. The table shows the
JSD scores obtained for simulations involving 10 million
simulated particles. JSD values in the order of 107° are
typically interpreted as an excellent agreement between
the probability distributions generated by MCS and GPU
code.

Figure 8 illustrates the execution time of the three
methods implemented in GPU code as the number of par-
ticles increases. As expected, CXS incurs minimal exe-
cution time due to its straightforward implementation.
However, DBRC experiences the most significant increase
in execution time owing to the rejections. Rejections can
lead to thread divergence where some threads become idle
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while waiting for others to complete calculations, impact-
ing overall performance. Notably, DBRC has a higher
number of rejections compared to RVS, resulting in its
longer execution time.

The ratio of CPU time required by MCS to the GPU
execution time for both CXS and DBRC methods are cal-
culated. We observe that DBRC achieves a speedup of
188 compared to CPU execution, while CXS achieves a
speedup of 107. This indicates that both methods benefit
significantly from GPU acceleration.

4.1.2 36.25¢eV scattering kernel

Figure 9 to Figure 11 present the probability distribu-
tions obtained using the CXS, DBRC, and RVS meth-
ods, respectively, for the scattering kernel associated with
36.25 eV. These figures serve to visually confirm the excel-
lent qualitative agreement observed between the results
from the GPU code and MCS. The excellent qualita-
tive agreement between the GPU code and MCS pro-
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Energy (eV)

Fig. 7. 6.52eV scattering kernel using RVS from GPU code
plotted with DBRC from MCS.

Table 2. JSD values for scattering kernels at 6.52eV.

Method JSD
CXS 5.61 x 10~°
DBRC  4.08 x10~°
RVS 4.08 x 1075
B CXS
2.5{ W RVS
I DBRC
2.0
R
[
1.0
0.5
0.0 - T T T ,
5 6 7 8 9 10

Particles (million)

Fig. 8. Execution time of TVS methods using GPU code for
6.52 eV scattering kernel.

vides strong validation for the effectiveness of the GPU
implementation. This successful replication of the MCS
behavior across different TVS methods (CXS, DBRC, and
RVS) strengthens the confidence in developing the GPU-
accelerated continuous energy treatment code.

Table 3 presents the JSD scores at an energy of 36.25
eV, derived from simulations conducted with 10 million
particles using the CXS, DBRC, and RVS methods. The
consistently low JSD scores observed across all methods
demonstrate a high degree of concordance between the
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Fig. 10. Scattering kernel at 36.25eV using DBRC.

probability distributions generated by MCS and the GPU
code.

Figure 12 illustrates the execution time as a function
of the number of particles (in millions) for the three TVS
methods. In comparison to Figure 8, which focuses on
the 6.52eV scattering kernel, the DBRC method exhibits
a nearly twofold increase in execution time, whereas the
CXS method’s execution time remains relatively constant.
The RVS method also shows an increase in execution time,
although it is less pronounced than that of the DBRC
method. This disparity can be attributed to the higher
rate of rejections encountered at the 36.25eV scattering
kernel at 900 K compared to the 6.52 eV case, significantly
affecting the performance of the DBRC method.

The ratio of CPU time required by MCS to the GPU
execution time remains noteworthy, with a factor of 462
for DBRC and 112 for CXS. This demonstrates the sub-
stantial efficiency gains achieved through GPU accelera-
tion.

Despite the observed increases in execution time for all
methods as the number of particles increases, Figure 8 and
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Fig. 11. 23U scattering kernel at 36.25 eV using RVS from
GPU code and DBRC from MCS.

Table 3. JSD scores at 36.25eV for scattering kernel
obtained via CXS, DBRC, and RVS.

Method JSD

CXS 1.50 x 10~°
DBRC  9.21 x 10
RVS 9.20 x 108

5_
Il CXS
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e
E
=
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Fig. 12. Execution time of TVS methods on GPU for 36.25eV
scattering kernel.

Figure 12 underscore the substantial benefits of utilizing
GPU acceleration. These figures reaffirm the significant
advantage of the GPU code and the necessity of using
GPUs for running large-scale MC simulations.
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5 Conclusions and future directions

This work has demonstrated the significant potential of
GPU-accelerated computing for Monte Carlo (MC) sim-
ulations in reactor physics. We introduced GREAPMC,
an in-house GPU-optimized multigroup MC code. The
current work aims to replace MCS with GREAPMC for
PWR simulations. Hence, all the comparisons in this
article are against MCS. Our findings reveal that for
a 3D assembly case GREAPMC on a single GPU card
offers equivalent performance to approximately 840 CPU
cores employed in this work, highlighting the perfor-
mance gains achievable with GPUs. However, we also
found that an increase in the surface crossing events detri-
ment the performance when surface tracking is employed.
In this context, delta tracking shall be implemented
soon.

Recognizing that a multigroup MC code has lim-
ited capabilities, we are actively developing a GPU-aware
continuous-energy code. The target velocity sampling
(TVS) component of this code is complete, and verifi-
cation results show an impressive acceleration compared
to MCS. Three TVS methods are verified namely con-
stant cross-section (CXS), doppler broadening rejection
correction (DBRC), and relative velocity sampling (RVS).
The similarity in the probability distributions obtained
via GREAPMC and MCS for these methods is quantified
using Jensen—Shannon divergence (JSD). MCS employs
double precision while the GPU code is developed to
use single precision. The difference in the precision is
reflected in the JSD values. However, JSD values remain
in the range of 1076-1075. A fourth method, fast effec-
tive scattering kernel (FESK), has also been implemented
in the code. However, its execution requires coupling
GREAPMC with a GPU-aware continuous-energy treat-
ment code, which we anticipate completing soon. Among
the three methods discussed here, RVS is the most suit-
able method for real-time simulations on the GPU archi-
tecture due to its minimal execution time and accurate
results.

The inclusion of continuous-energy cross-section treat-
ment into GREAPMC will result in a large increase in reg-
ister use, global memory accesses, and kernel size itself.
Hence, we plan to implement event-based tracking to
reduce the register pressure and increase coalescing in the
global memory accesses.
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