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Abstract

This thesis focuses on efficient computational approaches for Monte Carlo Radiation
Transport (MCRT) simulations using modern Graphics Processing Units (GPUs). Over
the last decade, GPUs have become an important part of scientific computing due to
their capability to perform large-scale parallel computations, particularly in areas such
as radiation transport. Modern MCRT applications are complex simulations that require
immense computational power. This work addresses the challenges and opportunities in
using GPU architectures for the MCRT simulations and contributes to the understanding

of how to optimize these simulations for better performance and energy efficiency.

A detailed performance examination of several parallel pseudorandom number
generators (PRNGs) running on various Nvidia GPU cards is presented in the thesis.
MRG32k3a, MTGP32, PHILOX4_32_10, MT19937, and XORWOW are five PRNGs from
the cuRAND library that are evaluated for their efficiency in producing uniform and
non-uniform random numbers using a range of implementation options, including
GPU-only, CPU-only, and hybrid CPU/GPU approaches. This assessment advances our
knowledge of PRNG performance optimization on GPUs, particularly with regard to
the Monte Carlo (MC) simulations.

The thesis also evaluates two popular Python-based GPU programming platforms,
CuPy and Numba, benchmarking against CUDA C for the MCRT simulations. This
evaluation is based on performance and energy consumption using memory-intensive
operations and compute-heavy problems. The analysis was conducted on Nvidia
GeForce RTX3080, Tesla V100, and Tesla A100 GPU cards. It offers information about
the advantages and disadvantages of these platforms, which is valuable to the scientific

community when selecting tools for GPU-based simulations.

Further, the work investigates the performance scaling of MCRT simulations on
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Abstract

multiple GPUs, focusing on strong and weak scaling, optimization strategies such as
fast math and block-thread configuration, and energy consumption. Using an
Nvidia DGX-2 server with up to 10 GPUs, the study demonstrates how different scaling
strategies and optimization techniques affect both performance and energy efficiency.
This research provides practical recommendations for improving the use of multiple
GPUs in large-scale MCRT simulations, contributing to the knowledge of multi-GPU
programming and optimization.

Overall, this thesis contributes to the understanding of how to efficiently run and
optimize MCRT simulations on GPUs. It includes a detailed analysis of PRNGs
performance, evaluates popular Python-based computing tools, and explores how
well these platforms can scale their applications across multiple GPUs. This work
provides useful insights for researchers, students, and professionals who work with

GPU computing, particularly in the field of MCRT simulations.
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Chapter 1

Introduction

1.1 Overview

This dissertation is composed of five chapters. It begins with an introductory section
before moving on to the practical applications in the subsequent chapters. The opening
section of the introduction chapter presents the motivation, outlines our contribution,
and provides a framework for getting started. The purpose and motivation part[T.T.]
describes the importance of GPU computing in fields such as Monte Carlo radiation
transport (MCRT), where GPUs accelerate complex simulations, enabling faster and
more efficient solutions to computationally intensive problems. It addresses the
question of why the work presented in this document is important. Part[T.T.2]provides
key contributions by describing effective computational approaches to address these
issues. Additionally, this chapter provides basic information on the GPU architecture,
pseudorandom number (PRN) generation, and the Monte Carlo (MC) computational
technique. The performance of pseudorandom number generators (PRNG) from the
CuRAND library in the CUDA programming framework is thoroughly examined in
Chapter 2] Chapter [3|assesses the performance of two Python-based platforms, CuPy
and Numba, for the one-dimensional (1D) MCRT test case and PRNGs using a single
GPU. This assessment is expanded to a multi-GPU setup in Chapter ] The thesis is
finally summarized in Chapter[5} which also discusses potential future research topics

and highlights the key contributions.



1. Introduction

1.1.1 Purpose and Motivation

GPU computing has rapidly become an important scientific computing tool over the
last decade. Compared to past systems, it allows researchers to address complex
computational problems faster today. GPUs have enormous potential for large-scale
simulations in a variety of fields as their processing power increases. As of today, 9
out of the top 10 supercomputers in the TOP500 ranking [1] use GPUs as accelerators.

This shows GPUs’ important role in advancing high-performance computing (HPC).

This impact is especially significant in MC simulations, a popular computational
technique for solving radiation transport (RT) problems. MCRT relies heavily on PRN
generation to model the stochastic behavior of particles as they interact with matter
or other particles. The accuracy and efficiency of the PRNG directly influence the
overall performance of MCRT applications. Therefore, performance evaluation and
optimization of PRNGs on GPU platforms are important in improving speed in such

simulations.

Although PRNGs play a crucial role in MCRT simulations, there is a noticeable gap
in the research about their performance, particularly for GPU-based MCRT problems.
This gap highlights the need for more studies on how PRNGs function on GPUs in these
contexts. Understanding how different PRNGs function on various GPU architectures

is vital since it can help improve performance in large-scale simulations.

This thesis aims to address this gap by conducting performance testing experiments
of PRNGs on GPUs for the MCRT problems. The goal is to provide a thorough
examination of different GPU platforms, including their respective programming
paradigms — CUDA, Numba, and CuPy. As a result, users will be better able to
determine which platform is most effective in enhancing MC simulations due to this.
Ultimately, this research aims to contribute to broader efforts focused on optimizing
GPU-based simulations to satisfy the current expectations in the field of scientific and

engineering studies.

2



Overview

1.1.2 Key Contributions

This thesis delivers the following key contributions emphasized in each chapter,
specifically addressing efficient computational approaches to GPU-based MCRT. These
contributions focus on techniques that offer valuable insights and optimizations for

leveraging GPU architectures effectively for RT simulations:

- In Chapter [2] we present a comprehensive evaluation of the performance of
various parallel PRNGs on Nvidia GPUs, specifically the RTX3090, GTX1080Ti,
GTX1080, and RTX3080. We analyze five distinct PRNGs from the cuRAND
library (namely MRG32k3a, PHILOX4_32_10, MT19937, MTGP32, and XORWOW) and
generate uniformly distributed PRNs that are subsequently converted into non-uniform
distributions through the acceptance-rejection (AR) technique. Our study includes
several implementation approaches: a hybrid CPU/GPU approach where the GPU
generates PRNs and transfers them to the CPU; a single CPU core approach where all
computations are performed by the CPU; and two GPU-based approaches, one involving
data movement between the GPU and CPU, and another excluding this transfer. We
analyze performance across different aspects, comparing cuRAND library’s host API
and device API. These evaluations highlight the important parameters affecting the
performance of PRNGs on modern GPU cards. They provide useful insights into

optimizing their performance for MC simulations;

- Chapter 3] investigates the performance of two GPU programming frameworks,
Numba and CuPy, in the scope of MCRT simulations, with a comparison to a CUDA
C implementation. The study focuses on two key test cases: a compute-intensive 1D
MCRT problem and a memory-intensive task that involves generating pseudo-random
numbers and storing them in global memory. The evaluation is conducted on three
Nvidia GPUs: GeForce RTX3080, Tesla V100, and Tesla A100. This work aims to
provide insights into the advantages and disadvantages of each platform. In the context
of GPU-based MC simulations, it highlights the trade-offs between performance, power

consumption, and implementation simplicity;

- Chapter [ evaluates the performance of Numba and CuPy to solve the MCRT
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1. Introduction

test case using multiple GPUs. The study explores both strong scaling (where the
problem size remains fixed while the number of GPUs increases) and weak scaling
(where the problem size increases proportionally with the number of GPUs). It also
examines the impact of various optimizations, such as fast math and block-thread
configuration adjustments, and assesses energy consumption. The implementations are
tested in two modes: single-CPU thread, where one CPU thread manages all GPUs,
and multi-CPU thread, where each GPU is controlled by its dedicated CPU thread. The
experiments are conducted on an Nvidia DGX-2 server with up to 10 GPUs. This work,
therefore, highlights how performance and energy efficiency vary with different scaling
and optimization approaches for a better understanding of the use of multiple GPUs for

MCRT simulations.

1.2 Overview of the GPU Architecture

CUDA, developed by Nvidia in 2007, revolutionized parallel computing by allowing
developers to use Nvidia GPUs not just for graphics rendering but also for scientific
computations. The main feature of CUDA is the use of "kernels," which are functions
that run on the GPU. These kernels take advantage of the GPU’s ability to perform many
tasks at once by running across thousands of lightweight threads that work together
to perform calculations. This gives GPUs a substantial speed advantage over CPUs,
which are built for general tasks and rely on a few powerful cores. GPUs, with their
thousands of cores, are highly effective at handling tasks that require a lot of parallel
processing, making them more efficient for floating-point calculations and other heavy
computational tasks [2]].

To take advantage of parallel processing on the GPU, the programmer needs to
break the problem into smaller, clear tasks organized in a computational grid (see
Figure [1;1'[) This grid can be one-, two-, or three-dimensional, allowing different
tasks to fit the GPU’s design. A grid is divided into blocks, and each block contains a
number of threads. The programmer decides how many threads are in each block. This

layered approach efficiently maps the execution of a problem with the GPU’s Streaming
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Overview of the GPU Architecture

Multiprocessors (SM), therefore, ensuring optimal resource utilization [3]].

Grid

Block (0, 0) | Block (1,0) | Block (2, 0)

Block (0, 1)” Block (1, 1) “Block (2, 1)

1

/ 4 N

/ / \ \
/ Block (1, 1) \

Figure 1.1: The hierarchical organization of a CUDA computational grid. A kernel is a
user-defined function executed on a grid, further divided into smaller units called thread
blocks (source image: CUDA C programming guide [3]).

As seen in Figure [[.2] each SM is composed of multiple CUDA cores, which are
the basic execution units used in parallel computing. These cores are devoted to high-
throughput operations, particularly for calculations using floating-point numbers with
single and double precision. SMs also represent various levels of memory to enhance
data access efficiency. The programmers have to try to achieve coalesced memory
access, where a warp (32 threads for Nvidia GPUs), retrieves data from contiguous
addresses within global memory space. This memory access mode is much faster than
memory accesses that are not contiguous because the GPU has to process such data in
one transaction, reducing the number of memory operations needed.

SMs use latency-hiding technique to achieve higher performance. As access to
global memory is much slower compared to fast on-chip memory, an SM tries to hide
this latency by executing instructions from other warps while one is waiting for its

global memory access to complete. This way, memory access latencies are effectively
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Figure 1.2: Streaming Multiprocessors (SM) are the main elements of parallel
computations, where many CUDA cores are utilized for high-throughput, floating-
point performance. Each SM possesses a multilevel memory hierarchy: private registers
assigned to every single thread, shared memory used by all threads within one block,
and global memory for data storage of a wider scope. A warp scheduler manages the
execution of 32-thread groups called warps and ensures that all threads execute the
same instructions at every clock cycle in lockstep (source image: Nvidia).

hidden, and the CUDA cores stay active, maximizing the overall processing efficiency
and throughput [4]].

In addition, every thread block has a shared memory space within the SM, which
enables effective data interchange and communication amongst threads in the same
block. Each thread also has private registers, which serve as ultra-fast on-chip memory
for temporarily storing data.

A thorough understanding of the underlying hardware architecture, particularly the
hierarchical organization of threads, is necessary for CUDA programming to achieve
optimal performance. Each thread block is split into smaller chunks known as warps
in order to maximize the utilization of resources. It is strongly recommended that the

number of threads in each block be a multiple of the warp size for best performance.
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Monte Carlo Method for Radiation Transport

This ensures the smooth grouping of threads into warps that execute instructions in a
lockstep, synchronized way. Overall efficiency can be considerably reduced whenever
conditional branching occurs, causing warps to diverge. Programmers should make
sure that all threads in a warp follow the same execution path in order to maximize the
use of the resources that the SM provides and prevent any thread from sitting idle. This

will help to achieve peak performance for parallel computing applications [J]].

1.3 Monte Carlo Method for Radiation Transport

The MC method is a common computational technique for simulating physical processes
involving randomness or stochastic events. In the case of RT, MC methods are especially
useful in modeling the interactions between radiation (photons, neutrons, electrons, etc.)
and matter. It employs statistical sampling for tracing individual particle trajectories
due to interactions caused by scattering, absorption, and emission. The suitability of
this approach for the randomness in physical processes makes it highly suitable for the
accurate modeling of radiation behavior in different media [6]].

In the MC method of RT simulations, each particle is traced from its emission to
its eventual absorption or escape from the system. While traveling, particles undergo
probabilistic interactions, as defined by cross-sections or probabilities derived from
experimental data or theoretical models. These include scattering and absorption, along
with energy and direction changes. The strength of the MC method is its ability to
model these events in a manner that is similar to that of the actual processes of RT. By
simulating many particle trajectories, a statistical representation of the behavior of the
radiation field in different geometries and media is obtained. This flexibility allows
this method to be used in a variety of fields, such as astronomy, nuclear engineering,
medical physics, and others.

In MC simulations, the source emits particles that travel a certain distance, depending
on the mean free path of that material, before interacting with the medium. The type of
each interaction is determined by the physical cross-sections of various processes that

may occur. In general, after an interaction, the path, energy, and sometimes even the
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1. Introduction

type of the particle are recalculated before it is allowed to continue its journey. This
process is repeated until the particle is either absorbed or escapes the system [[7]].

The MC method depends on statistical outcomes since particle behavior is random
and governed by physical probabilities. As a result, the outcomes are probabilistic, not
exact. To achieve accurate results, a large number of particles may need to be simulated,
depending on the complexity and required precision of the problem. While this leads to
more accurate outcomes, it also demands significant time and computational resources.
Finding a balance between accuracy and resource usage is key to optimizing the process.

The MC method is widely applied to solve different kinds of RT problems. In
medical physics, for instance, it helps simulate the interaction of radiation with human
tissue, thereby helping in treatment planning and the development of diagnostic imaging
techniques. In nuclear engineering, MC simulations are important for understanding
how neutrons move in reactors, which helps keep them safe and running efficiently. In
astrophysics, such techniques have been applied to model RT in stars and other bodies.
From these subjects, the flexibility of the MC method makes it a necessary tool for
understanding the behavior of radiation in the most complex situations.

However, due to its accuracy and flexibility, the MC method faces major
computational challenges. A large number of particles need to be tracked, which
demands a lot of computing power, especially when dealing with complex geometries
or large systems. HPC systems, especially those with GPUs, have become important
for accelerating MC simulations. Given their massively parallel computations, GPUs
are fit for the independent particle tracking that characterizes MC methods.

Optimizing MC simulation on GPUs requires effective workload distribution,
memory management, and, most importantly, full utilization of computing resources.
The important strategies here will be to minimize data transfer between CPU and GPU,
optimize the thread and block configuration, and effectively use the fast memory. Large-
scale MC simulations can be greatly accelerated with Python-based libraries like CuPy
and Numba that support GPU acceleration and direct CUDA programming. These
optimizations allow for faster and more scalable computations, making it possible to

tackle more complex and resource-intensive RT problems.



Pseudo-Random Number Generation

The MC method forms the most vital element in RT simulation exercises, allowing
the solution of a wide set of applications with great flexibility and accuracy. The
capability to model the random interactions of radiation with matter makes the
technique invaluable in various fields, from healthcare to nuclear energy. Despite
this computational burden, the advancement in GPU computing and multi-GPU systems
has opened new avenues for enhancing efficiency and scalability in MC simulations.
As technology evolves, the MC method will remain at the frontiers of research and
applications in RT while allowing more complex and detailed simulations to be

conducted with higher speed and accuracy.

1.4 Pseudo-Random Number Generation

In MCRT simulations, the generation of PRNs is an important component, and
the methodology relies on random sampling for modeling the particle’s behavior
probabilistically in interactions with various media. The PRNG algorithms will create
number sequences that behave like random numbers. This enables a simulation that may
model a stochastic nature for RT. The quality of the PRNG directly impacts the precision
and reliability of the simulation since poor randomness can result in biases or errors
within the results. In highly large-scale MCRT simulations, with an enormous number
of random samples being required, the efficiency of a PRNG is crucial to ensure that
such a simulation runs at an acceptable speed without excessive computational overhead.
Therefore, PRNG selection or optimization in parallel computing environments, such as
multi-GPU systems, becomes important to realize performance and precision in MCRT

simulations.

1.4.1 Inverse Transform Method

In MCRT simulations, after the generation of PRNs, it is quite common to apply the
inverse transform method for sampling from particular probability distributions [8]].
The inverse transform method uses a uniformly distributed random number to sample

any arbitrary probability distribution. It is accomplished by having first the cumulative
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distribution function (CDF) of any given distribution and then finding its inverse. Given
a uniformly distributed random number U between O and 1, the following formula

provides a solution:

FYU) = X, (1.1)

where '~ is the inverse of the CDF and X is the sampled value from the desired
distribution. This technique is widely employed in MCRT since all the physical
processes involved-such as the interaction of particles, their scattering, and absorption-
can be modeled using various known probability distributions. The inverse transform
method provides a systematic way of mapping uniform random numbers onto these
distributions. It is, hence, one of the powerful tools for simulating random behavior
essential in RT calculations. When implemented efficiently, it ensures both accuracy and

computational efficiency in the large-scale sampling required by MCRT simulations.

1.4.2 Acceptance-Rejection Method

Besides the inverse transform method, another popular technique for sampling from
complicated probability distributions in MCRT simulations is the acceptance-rejection
(AR) method [9]]. This method is especially helpful when it’s hard to directly sample
from the desired probability distribution. The proposal distribution is a simpler
distribution from which the AR method generates sample candidates. The proposal
and the desired distribution are then compared, and each sample is either approved or
denied.

First random sample X is selected from the proposal distribution, which should to
have a distribution that is easy to sample and covers the range of the target distribution.
A second random number, U, uniformly distributed between 0 and 1, is then generated.

The candidate (random) sample X is accepted on the condition that

(1.2)
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where f(X) is the target distribution, g(X) is the proposal distribution, and c is a
constant chosen such that f(X) < cg(X) for all X. If the sample is accepted, it will be
used in the simulation. Otherwise, repeat the above steps until an appropriate sample is
obtained.

AR is a versatile method that applies to all types of distributions. It becomes even
more useful for the MCRT problem, whose interactions or events follow an arbitrary
complex statistical distribution pattern. Nevertheless, it also depends heavily on the
efficiency of a proposed distribution. If the shape of a proposed distribution fits well with
the objective distribution, it minimizes the number of rejected samples. Consequently,
the methodology remains computationally efficient, even in the case of large-scale RT

simulations.
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Chapter 2

Analyzing Performance of
GPU-based Pseudo-Random
Number Generators on Nvidia

GPU Cards

Chapter 2 of this PhD dissertation is based on the following paper:
Askar, Tair, Bekdaulet Shukirgaliyev, Martin Lukac, and Ernazar Abdikamalov.
2021. "Evaluation of Pseudo-Random Number Generation on GPU Cards." Computa-

tion 9, no. 12: 142.

2.1 Literature review

Numerous studies have explored parallel pseudo-random number (PRN) generation
on multi-core CPUs [10, 111, 12, 13| [14]] and GPUs [[13] [16, (18, [19], 20l 211, 22,
23] 24, 25, 26, 27, 28], 29} 30, 311, 32, 33|, 34} 35, 36, 37, [38], 2, [39]], focusing on how
to assign distinct pseudo-random number generator (PRNG) instances to different
threads, each generating unique random number sequences. This can be attained
through two main methods: splitting and parameterization [[10, 31, [39]. By using the
splitting technique, the full sequence of PRNs produced by a serial operation is split
up into smaller subsequences that are distributed over several threads or processors.

The parameterization method runs the same or similar random number generators on
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different threads, with each thread using different algorithm settings to make them
unique. It should be compact in size to fit in local memory (the memory on the chip
in this case) for the best performance. For example, Langdon [40] implemented the
Park-Miller PRNG on a GPU using Compute Unified Device Architecture (CUDA),
achieving at least a 44 x speedup compared to its CPU counterpart. Gong et al.’s [41]
implementation of a PRNG for Monte Carlo (MC) particle transport on a GPU showed
a speedup of up to 8.1x over a CPU with 4 to 6 cores. Further, Nandapalan et al. [42]
compared the xorgenGP PRNG to the MTGP32 generator and found comparable speeds.
Kargaran et al. [43] used Fortran on CUDA to present a PRNG developed on GPU,
utilizing shared and global memory to store pre-generated seed tables. The shared
and global memory implementations achieved 470x and 150 speedups over a single
CPU core, respectively, although the shared memory PRNG was 13% slower than
the cuURAND XORWOW generator. Riesinger et al. [44] found that an optimized SHR3
generator for solving differential equations performed 79% better than the CuRAND’s
XORWOW PRNG for uniform distributions and 38% better for normal distributions. Lastly,
Jun et al. [43]] showed that a comparison between PRNGs from the VecRNG package
and the cuRAND library, generating 107 double-precision PRNs, revealed that the
PHILOX4_32_10 PRNG from cuRAND library was 5x faster than VecRNG’s version,

whereas both libraries’ MRG32k3a PRNGs performed similarly.

2.2 Motivation

The main objective of this research is to assess the generation of uniform and non-
uniform PRN samples, which is a fundamental aspect of MC simulations. This
component frequently contributes substantially to the overall execution time. Building
on previous research, we expand the analysis to include a broader set of performance
metrics, such as the overhead from API calls (e.g., device synchronization, allocation
of memory), data movement times between the GPU and the CPU, state setup time,
block and thread configuration, and other performance-affecting factors [46]]. In this

study we use several contemporary Nvidia GPUs to evaluate 5 distinct cCuURAND library
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generators: MRG32k3a, MTGP32, PHILOX4_32_10, MT19937, and XORWOW, which
generate uniformly distributed PRNs. Then we transform these uniform sequences into
three non-uniform distributions — Rayleigh, Beta, and Gamma 48,149 — using
the acceptance-rejection (AR) method. These computational experiments are designed
as simplified test cases to assess the most basic aspects of MC simulations.

We explore the effects of various implementation options on performance. Our
study examines both CPU and GPU methods along with a hybrid approach in which
uniform PRNs are produced on the GPU and then converted into a non-uniform
samples on the CPU via the AR technique. We evaluate two approaches for the
GPU implementations, utilizing either the host or device APIs. We also examine the
effects of the number of blocks allocated to each streaming multiprocessor (SM) and
the threads per block configuration on performance. Lastly, the performance across

various GPUs is compared.

2.3 [Experimental Setting

Table [2.1]provides the main characteristics of the 5 distinct PRNGs that we examined
in this study. The splitting technique is used by the MRG32k3a, MT19937, and
XORWOW PRNGs, whereas the parameterization technique is used by the MTGP32 PRNG.
PHILOX4_32_10 uses a parameterization approach in its host API version, but it uses
a splitting method in the device API version. [50]. The period of a PRNG determines
the maximum number of random numbers it can generate before the sequence starts
to repeat. The subsequence length, in turn, indicates the amount of random numbers
each thread or stream can generate without colliding with other streams or threads.
Additional information on the above-mentioned PRNGs is available in [50].

A single AMD Ryzen Threadripper 3990X CPU core and multiple Nvidia GPU
cards, such as the RTX3090, RTX3080, GTX1080Ti, and GTX1080, are used for our
computations (see Table [2.2] for GPU specifications). To make a fair comparison, we
apply the same application and parameter settings (such as ordering and seed) for all

tests while maintaining a similar combination of blocks and threads. Additionally, we
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Table 2.1: The main parameters of the 5 CuURAND library PRNGs analyzed in this study.

MT19937 XORWOW MRG32k3a MTGP32 PHILOX4_32 10
Algorithm Twisted Linear Combined  Twisted Counter-Based
generalized  feedback  Multiple generalized Random Num-
feedback shift regis- Recur- feedback shift ber Genera-
shift register ters [52] sive [53]] register gener- tion [33]]
genera- ator
tor
Period 219937_1 2192_1 2191 211214 2128
Subsequence 2109 207 207 - 2064
length
Parallelization Sequence Sequence  Sequence Parameterization Sequence split-
method splitting splitting splitting ting, parameteri-
zation

explore various thread-per-block combinations on the different GPU cards to identify
the range that provides the best performance. Our code is developed in C/C++ using
the CUDA 11.4 version with the Nvidia 470.57.02 driver version [3]. We use profiling
software such as nvprof and Nsight Systems, along with tools like cudaEvent_t
and clock_t to assess computation times. The data type used for all computations is

single-precision floating point.

Table 2.2: The main technical details of the Nvidia GPUs used in the study.

RTX3080 GTX1080Ti GTX1080 RTX3090
CUDA cores 4352 3584 2560 10496
SMs 68 28 20 82
Global memory 10 GB 11 GB 8 GB 24 GB
Max clock rate 1.8 GHz 1.58 GHz 1.73 GHz 1.7 GHz

Bandwidth 760.3 GB/s 484.4 GB/s 320.3 GB/s 936.2 GB/s

Theoretical per- 29.77 TFLOPS 11.34 TFLOPS 8.873 TFLOPS 35.58 TFLOPS
formance (FP32) (FP32) (FP32) (FP32)

In assessing PRNG performance on GPUs, we take into account 4 distinct approaches:
(1) In the GPU-only approach (G_imp), all computations are performed on the GPU,
and uniform PRNs are produced on the GPU before being converted into non-uniform

distributions (such Gamma, Beta, and Rayleigh) using the AR technique. (2) In the
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(C_1imp), all computations, including PRN generation and transformation, are performed
on a single CPU core. (3) The CPU/GPU hybrid approach (H_imp) uses the GPU to
produce uniform PRNs, which are subsequently moved to the CPU RAM, where a
single CPU core uses the AR technique to transform the uniform PRNs into non-uniform
distributions. (4) In the GPU implementation with memory copy (G_imp_mcpy), the
time required to transfer data from the GPU to the CPU after the calculation is complete
is taken into account.

We will examine both a device API and a host API for calling the PRNG functions
in the G_1imp approach. In the latter case, the CPU calls the PRNG library functions,
but the GPU performs the actual computing. The generated random numbers can be
kept in the GPU’s global memory space or transferred back to the host side for further
processing. In the former case, the device API makes it possible to use the PRNG
functions directly from within a GPU kernel, allowing the device to set up parameters
such as state, seed, and sequence. Without being stored in global memory, the generated
PRNSs are directly usable by the GPU kernel. We use a single kernel to implement
all PRNG operations, including seed setup and state update, inside the device API
in order to minimize data movement within GPU memory. These two API strategies
are compared in detail. The AR method makes a series of PRNs with probability
distribution f(z) by generating 2 equal-length sets of uniformly distributed PRNs,
and y. If the values of x meet the requirement that y < f(z), then they are accepted.
The acceptance rates of the Rayleigh, Gamma, and Beta distributions utilized in this
study are 0.41, 0.36, and 0.67, respectively. These distribution functions are plotted for
0<z<lin Figure normalized so that f(z) < 1.

We use computation execution time as the main performance metric, with an average
of more than 100 iterations for all reported findings. Table [2.3]describes our standard
configuration, which makes use of an RTX3090 GPU, Beta distribution, and the
MRG32k3a PRNG in device API mode. We examine each parameter’s implications in
the following sections. It’s important to note that this default configuration does not
represent the optimal parameters but serves as a baseline against which other parameter

configurations are compared for performance.
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Figure 2.1: The Rayleigh, Gamma, and Beta distributions’ probability density functions
are normalized to f(x) < 1. For these distributions, the corresponding areas under the
curves are 0.41, 0.36, and 0.67.

Table 2.3: The experimental setup’s standard settings are used as a reference point. We
vary the values of each parameter to examine how performance is affected by these
changes.

Parameter Value
Distribution Beta distribution
GPU RTX 3090
Implementation G_imp

API device API
PRNG MRG32k3a

2.4 Results

2.4.1 Benchmarking of CPU and GPU Methods

Figure [2.2a] shows the computation time for various methods relative to the amount of
generated random candidate samples (V). The CPU method C_imp is up to 2 orders of
magnitude faster than the hybrid H_imp and GPU G_imp implementations for smaller
values of N (e.g. N < 10%). A low GPU occupancy around ~3% is the cause of this
performance disparity (occupancy is the ratio of active warps to the maximum number
of warps that can execute on the GPU). Unlike CPU cores, GPU cores are underutilized
due to the small V. A partially utilized GPU executes more slowly than a fully utilized
CPU because a single CPU core with its complicated architecture is a way faster than a

single GPU core. In hybrid implementation H_imp, when GPU generates the PRNs but
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the CPU performs the AR-selection , performance is similar to G_imp due to the same

low GPU occupancy bottleneck.
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Figure 2.2: Overall computation time (a) and computation time per candidate sample
(b) for the Beta distribution across various methods as a function of N. C_imp is
represented by the solid black line; G_imp is represented by the dashed red line;
G_imp_mcpy is represented by the solid red line; H_imp is represented by the solid
blue line.

GPU utilization rises with IV, surpassing CPU performance at N > 10%. At N> 108,
the G_imp is >10? times faster than the C_imp. The H_imp is approximately 7 x faster
than C_imp, yet it is ~ 46 times slower than the G_imp.

For N < 10°, the computation times for G_imp and G_imp_mcpy are about the same,
but they begin to differ at bigger N. This divergence occurs due to the G_imp_mcpy
encounters a bottleneck in data transfer from GPU to CPU for N 2 105. In contrast,
at smaller IV, the time required for data transport is negligible in comparison to other
computational tasks such as API calls, PRNG state updates, and seed setup.

The computation time per candidate sample as a function of N, displayed in
Figure 2.2b] reflects these outcomes. In the C_imp implementation, the execution
time per candidate point remains constant, regardless of /V, indicating that the CPU core
1s 100% used for all values of /V (as observed using the htop program). In the G_imp
method, the lowest execution time is achieved at ~ 108 due to the large number of cores
available. For G_imp_mcpy method, the minimum computation time per candidate
sample is reached at N~ 107. Further, with increasing /N, the execution time increases

because of the overhead from device to host data movement. This time reduces in the
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H_imp implementation until N ~ 10°, after this point it stabilizes. The fact that the
execution time levels off indicates that the CPU becomes the computational bottleneck
for N 2> 10° in the H_imp due to the AR algorithm which runs on the CPU. For G_imp

the saturation is reached at a much higher V.

2.4.2 Per-Operation Load Evaluation

API functions, PRNG state update, seed initialization, and the AR algorithm are the
components that contribute to the total cost for generating non-uniform PRNs. Each
of these components’ execution times in the G_imp implementation are shown in
Figure[2.3a] and Figure [2.3b|shows each component’s percentage contribution to the
overall execution time.

For N < 107, seed initialization accounts for over ~ 30% of the overall computation
time, peaking at ~ 80% for 10* < N < 10°. The PRNG state update remains under
~ 10% for N < 107, but its share increases to ~ 40% by N ~ 10°. For N < 10°, the
AR technique consumes less than ~ 20% of the total time, but its contribution steadily
increases with N, reaching ~ 50% at N ~ 10°. API function calls make up ~ 40% of
the time for N < 102, but this share drops to below ~ 20% for N > 10%. However, as
discussed later, these results are influenced by the PRNG parameters, such as state size
and seed initialization. The G_imp_mcpy method, illustrated in Figures and[2.3d
displays a similar cost breakdown for N < 10°. Beyond N >10°, however, data
movement to the GPU becomes the prevailing factor, comprising ~ 80% of the time
at N ~ 108, As a result, the relative contribution of other tasks, including the AR

technique, is reduced compared to the G_imp method.

2.4.3 Comparing Device and Host API Modes of PRNG

In the G_imp, as previously noted, we explore 2 distinct methods for invoking the
PRNG processes: utilizing the device API and the host API. Figure .44 illustrates
the computation time for the Beta distribution using the MRG32k3a PRNG in both

device and host API modes. The device API outperforms the host API by roughly
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Figure 2.3: Computation time and percentage breakdown of various computing
components for the G_imp (a and b) and G_imp_mcpy (¢ and d) methods as a function
of N. The PRNG seed setup time is represented by the dashed line, while the overall
execution time is shown by the solid line. The PRNG state update is displayed by the
dashed-dotted line, while the dotted line represents the AR technique. The memory
copy time from device to host is shown by the green dotted line with star markers, and
API function calls are represented by the dotted line with triangle markers.

an order of magnitude for N < 10°. The dashed blue line indicates the PRNG seed
setup time, which is a bottleneck for the host API mode under these conditions and
is the main source of this performance difference. The default implementation of
the MRG32k3a generator via the host API initializes 32768 threads regardless of the
quantity of produced PRNs. The host API has a consistent seed initialization time of
~6.1 ms for all NV because every thread maintains its state. However, the PRNG seed
setup time can be decreased through altering the ordering parameter. The order of PRNs
in GPU memory is determined by the ordering option in PRNGs [3]]. For example, the
CURAND_ORDERING_PSEUDO_LEGACY setting for MRG32k3a will decrease the seed

initialization time by about six times in comparison to the standard configuration, since
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it initializes fewer threads (4096). In contrast, the device API allows us to choose the
number of initialized threads based on N. Consequently, as seen by the red dashed
line in Figure [2.4a] the PRNG seed initialization time for the device API grows with
N, going from 0.116 ms at N=10 to 5.36 ms at N=10°. It has also been described in

how to speed up seed initialization time by adjusting the ordering choice.
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Figure 2.4: The device and host API methods’ execution times (a) and GPU global
memory utilization (b) as a function of N. In (a), dashed lines show the seed
initialization time, dashed-dotted lines show the PRNG state update time, and solid
lines show the whole computation time. The dotted lines show the time used applying
the AR technique.

The computation times for the AR technique and the PRNG state update (represented
by the dotted and dash-dotted lines) grow as N rises for both modes. Consequently,
the seed setup’s related importance decreases as [V increases. This results in a smaller
computation time difference between the host API and device API modes, which
eventually reduces to a factor of ~1.5 at N~108.

The global memory utilization for both device and host APl implementations is
shown in Figure 2.4b] The host API mode consumes more memory, as it needs to
store the produced random numbers in global memory during computation. In contrast,
PRNSs can be used instantly with the device API mode, which eliminates the need for
global memory storage. Therefore, if the random numbers have to be reused multiple
times or transferred to the host, the host API mode is more suitable. If not, in order to
save memory and prevent further loading and storing activities in global memory, the

device API is better.
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2.4.4 Performance Evaluation of Various PRNGs

The computation time of different PRNGs as a function of N for both device and
host API modes is shown in Figure 2.5] In order to eliminate the influence of AR
computations, we only consider uniform distribution sequences in this subsection. The
MT19937 PRNG is excluded from Figure [2.5b|because it does not support the device
APIL As previously discussed for the MRG32k3a generator (see Subsection[2.4.3)), the
host API’s longer seed setup time results in extended execution times, particularly at
smaller N. A similar performance gap between the host and device modes is observed

for the other PRNGs analyzed here.
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Figure 2.5: Computation time for various PRNGs as a function of NV for the host (a) and
device API (b) implementations. The MT19937 PRNG is excluded from (b) because it
does not support the device API [3]].

The fastest PRNGs in both modes are PHIL0X4_32_10 and XORWOW, with MTGP32
coming next. While PHILOX4_32_10, a non-state PRNG that uses thread IDs as its
state, achieves higher speeds by generating PRNs based on a counter [53], XORWOW
relies on XOR and shift bitwise operations, which execute in a single clock cycle [58].
The device API mode’s slowest PRNG is MRG32k3a, while the host API mode’s slowest
is MT19937, which is, as previously said, not supported in the device API. MT19937’s
large state size of 2.5 kB reduces SM core occupancy due to limited on-chip memory
per SM. Additionally, the MRG32k3a generator’s use of the modulus operator, which
has a latency of 22-29 clock cycles [59} 58]], contributes to its longer computation times.

The performance gap between various PRNGs is especially noticeable for N < 107
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but becomes minimal at N' > 10®. This is due to API function calls dominate the

execution time for the three fast PRNGs (MTGP32, PHILOX4_32_10, and XORWOW) (see

Figure[2.6)), making their speeds more comparable to the 2 slower PRNGs (MRG32k3a

and MT19937). In the case of MT19937, seed setup is the main time-consuming part of

the total execution time for N < 107. For PHILOX4_32_10, nearly all execution time

in the device API implementation is spent on API function calls.
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Figure 2.6: Percentage breakdown of various computing components for a range
of PRNGs as a function of N. (a) MTGP32, (b) PHILOX4_32_10, (¢) MT19937
(unsupported on device API), (d) XORWOW. The time spent on API function calls is
represented by the dotted lines with triangle markers, the dashed lines show the PRNG
seed initialization time, and the dashed-dotted lines show the PRNG state update time.

Figure illustrates the normalized computation time for four PRNGs” GPU
occupancy, excluding the MT19937 due to not supporting device API. The times are
normalized against the lowest possible execution time achievable by each PRNG
on the GPU for certain values of N. The PHiL0X4_32_10 PRNG performs best

when the GPU reaches full occupancy (100%). This is primarily due to its small
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state size (see Table 1), allowing more threads to be accommodated in GPU memory.
Additionally, its short seed setup time (refer to Figure 2.6) means that increasing the
number of threads—which extends the seed setup duration—does not negatively impact
performance. On the contrary, more threads result in faster PRNG state updates and
AR computations because of increased parallel calculations. For N = 107 and N = 10°,
the XORWOW generator performs optimally at 5% occupancy, whereas for N = 10,

performance remains largely unaffected by occupancy levels.
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Figure 2.7: Normalized time of execution utilizing the device API approach plotted
versus GPU occupancy across different PRNGs. The subfigures show results for (a)
MRG32k3a PRNG, (b) PHIL0OX4_32_10 PRNG, (c) XORWOW PRNG, and (d) MTGP32
PRNG. The times are normalized based on the minimum execution time achievable
for a given IV on the RTX3090 GPU using the device API. Different lines represent
varying numbers of generated PRNs, uniformly distributed. GPU occupancy refers to
the ratio of active warps running on an SM compared to the maximum number of warps
which can run concurrently.

For the other two PRNGs, the scenarios are significantly different. Due to the

constrained amount of blocks and threads permitted to produce PRNs depending on its
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GPU realization, the MTGP32 PRNG, for example, never exceeds 41% occupancy [3]].
Similarly, the MRG32k3a achieves less than 35% occupancy, primarily due to the
memory-intensive modulus operation required for seed setup and state updates [59, [53].
As shown in Figure increasing N beyond N ~ 10° does not lead to higher

occupancy for these generators.
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Figure 2.8: GPU occupancy for various PRNGs generating different quantities /N of
PRNs using the device API implementation.

2.4.5 Assessing the Performance of Various GPUs

Figure [2.9]illustrates the computation time as a function of NV for different GPU cards
using the default fiducial parameters. The GPUs are underutilized for small values
N < 104, resulting in similar performance across all cards. However, as [V increases
and the occupancy of the GPU rises, the execution times begin to vary across the cards.
The fastest card is the RTX3090. The RTX3080 is next, then the GTX1080Ti, and then
the GTX1080. That fully aligns with the amount of computing cores in each of those
cards. In addition, RTX series GPU cards are built upon the new Ampere architecture,
whereas GTX cards are based on the older Pascal architecture, further contributing to

such performance differences.
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Figure 2.9: Computation time of PRN generation as a function of N across several
GPUs utilizing the MRG32k3a PRNG and the Beta distribution function.

2.4.6 Impact of Distributions

Figure illustrates the computation time for both uniform and non-uniform
distributions in the G_imp method, based on the amount of "accepted" PRNs (/V,).
The uniform distribution bypasses the AR technique and is the quickest to calculate.
For instance, at N,=105, it outperforms the Beta, Rayleigh, and Gamma distributions by
factors of 1.6, 1.9, and 2.8, respectively. Due to the varying acceptance rates required
to produce these distributions, non-uniform distributions have different execution times
(see Section[2.3)). As N increases, the time differences between distributions become
more pronounced. At smaller /V,, the overall execution time is dominated by state
setup and API function calls, but as /N, increases, the PRN state update and the
AR technique play a larger role, amplifying these gaps. For instance, the uniform
distribution outperforms the Beta, Rayleigh, and Gamma distributions by factors of 2.5,

4.3, and 10.7, respectively, for N,=108.

2.5 Conclusion

In this study, we assessed the performance of various parallel pseudo-random
number generators (PRNGs) on several Nvidia GPUs, including the GTX1080,
GTX1080Ti, RTX3080, and RTX3090. Five PRNGs — MRG32k3a, XORWOW, MTGP32,

PHILOX4_32_10, and MT19937 — from the cuRAND library were evaluated. The
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Figure 2.10: Computation time for generating random number samples with various
distributions utilizing the MRG32k3a generator and the device API implementation.

generated random numbers, initially uniform, were transformed into non-uniform
distributions through the acceptance-rejection (AR) technique. We implemented various
settings to utilize the PRNGs, including a single-core CPU version (on an AMD Ryzen
Threadripper 3990X), a GPU approach with and without data movement to the host
memory space, and a CPU/GPU hybrid approach when random numbers are generated
on the device side and transferred to the CPU for applying the AR technique. Both
host and device application programming interface (API) approaches were explored
for the GPU implementation. Performance was analyzed under various configurations
compared to a default setup (refer to Table[2.3)).

We observe that a single CPU core performs better than the GPU when the pseudo-
random number (PRN) sequence length is smaller than ~10%*. GPU cores are not
completely utilized in this range, whereas CPU cores operate at full capacity since
individual CPU cores are inherently faster than GPU cores. A partially loaded GPU
results in slower performance than a fully utilized CPU. However, as the number of
PRNs exceeds ~10*, GPU cores become more evenly loaded, improving performance.
For sequences > 10° PRNs, the GPU achieves a performance advantage of two orders
of magnitude over the CPU.

To best utilize the GPU, minimizing the time spent setting up the PRNG seeds and
updating the states will be important. The setup time will increase with more parallel

threads while the update time decreases. Optimally, these competing factors must be
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tuned against one another. The optimal number of parallel threads will depend on how
many PRNs will be generated. When the number of PRNs significantly exceeds the
number of GPU cores (e.g., N 2107), maximizing the number of threads that fit into the
GPU minimizes the seed setup’s impact on total execution time. The optimal number
of threads for smaller PRN sequences is a trade-off between seed setup and state update
times, varying by PRNG. These insights will help choose performance settings for

Monte Carlo radiation transport and other upcoming scientific computer applications.
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Chapter 3

Performance Analysis of
Python-based CuPy and Numba

Platforms in GPU-Based Monte

Carlo Radiation Simulations

Chapter 3 of this PhD dissertation is based on the following paper:
Askar, Tair, Argyn Yergaliyev, Bekdaulet Shukirgaliyev, and Ernazar Abdikamalov.
2024. "Exploring Numba and CuPy for GPU-Accelerated Monte Carlo Radiation

Transport." Computation 12, no. 3: 61.

3.1 Background

GPU accelerators have become an important instrument for advancing the development
of numerous scientific and technical fields. Their usage goes beyond conventional
high-performance computing (HPC) tasks [60, [61]], in fact, they have become essential
for the development and training of artificial intelligence models [62, (63]. Many of
the world’s leading supercomputers get most of their computational power from these
accelerators, as highlighted in a recent review by Matsuoka et al. [64]]. As of December
2024, nine of the top 10 supercomputers on the Top500 list utilize GPUs as accelerators
to enhance their computational power [[]].

Several programming platforms have emerged to harness the processing power of
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GPUs from low-level and high-level abstractions. Low-level platforms can optimize
code to specific accelerator architectures but are usually at the cost of reduced
portability. Notable examples of such platforms include Nvidia Compute Unified
Device Architecture (CUDA) [59] and AMD ROCm HIP [65]. In contrast, high-
level frameworks prioritize implementation simplicity and portability across different
hardware but offer fewer opportunities for hardware-specific optimizations. Examples
of these higher-level paradigms include OneAPI [66], RAJA [67], Kokkos [68],
Legate Numpy [69], CuPy [70, [71], Numba (73], Alpaka [74], SYCL [75]],
OpenCL [76]], OpenACC [77], and OpenMP[78]]. Depending on the application’s
specific requirements and hardware environment, these platforms offer varying trade-
offs between performance optimization and ease of use.

Numerous studies have examined the performance capabilities of GPUs across a
range of applications [79, 82]], comparing various programming platforms to
assess their efficiency. These evaluations focus on both the strengths and limitations of
widely used platforms, including CUDA C [83], 184, 85], CUDA Fortran [86, 8],
OpenCL 90, 91]], OpenACC [92, 93]], OpenMP [94, 93], and Python-based tools
such as Numba, CuPy, and Python CUDA [96, 97, [99], [101]]. Even with the
progress made, a big challenge in scientific computing remains. The goal is to find a
programming approach that is easy to use, works well on different systems, and still
delivers fast, efficient performance [102] 103} 104, [103].

Radiation transport (RT) is crucial in various scientific and technical disciplines,
from nuclear physics to astronomy (e.g., [106] [108])). It is quite complicated, seven-
dimensional problem in its most comprehensive form, taking into consideration time,
two-directional dimensions, one energy dimension, and three space dimensions [109].
Due to this, solving the problem has become computationally expensive. The most
common approach to this challenge is through a Monte Carlo (MC) method that
simulates the radiation behavior by utilizing random numbers. It models a collection
of radiation particles as individual MC particles. Monte Carlo radiation transport
(MCRT) methods are widely favored for their simplicity, especially in cases with

complex geometries and physics. However, the main disadvantage of MCRT is its high
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computing demand [106].

A variety of contemporary software packages have been developed to solve real-
life radiation transport problems across domains such as medical physics, nuclear
engineering, and astrophysics (e.g., [112]. While many legacy codes remain
CPU-bound, a growing subset is adopting GPU acceleration to enhance computational
efficiency. OpenMC [113]], for instance, now includes GPU support (AMD, Nvidia,
Intel), while codes like Shift from Oak Ridge National Laboratory have been adapted
to efficiently run on GPUs. This adaptation encompasses the full continuous-energy
MC transport routines, supporting both eigenvalue and fixed-source simulations, along
with a significant portion of the tally capabilities present in the CPU version [114].
Other platforms, such as Geant4 [[115] and MCNP [[I16], have seen experimental
GPU extensions or third-party efforts. Geant4, for example, has inspired projects
like AdePT and Celeritas [118], which accelerate electromagnetic processes
using hybrid CPU-GPU models and have reported considerable speedups, while the
Opticks [119] framework enables GPU-accelerated optical photon tracking. For MCNP,
although its core remains CPU-based, research efforts have focused on offloading
specific components, such as particle tracking and tallying, to GPUs using CUDA
or OpenCL, and institutions like Los Alamos National Laboratory have explored
prototyping GPU-capable transport kernels, though full GPU integration into production
versions remains limited. Astrophysical codes like RADMC - 3D [120] have also begun
exploring GPU acceleration; while the main code is still CPU-bound, prototype efforts
using OpenCL and custom CUDA kernels for radiative transfer tasks such as ray tracing
and dust emission have shown promising, though not yet widely adopted, results.

The use of GPUs to accelerate MCRT simulations is well-established due to the
parallel nature of the calculations 124, 26]. Since MCRT evolves
a lot of independent MC particles, it is suitable for GPUs’ many-core design, which
enables parallel processing and substantial speed improvements over conventional serial
computations [126] [128]]. Numerous studies have explored various aspects of GPU-
accelerated MCRT [129, [132]]. For instance, these works 39]

examined random number generation on GPUs, while Bossler and Valdez
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compared the performance of MCRT kernels implemented in Kokkos and CUDA.
Hamilton et al. also evaluated history-based versus event-based MCRT algorithms.
Hamilton et al. [136] and Choi et al. [137] explored parallelization techniques like
domain decomposition, and Bleile et al. [138]] introduced the "thin-threads" approach
to reduce memory usage and enhance performance in history-based MCRT. Humphrey
et al. [139] used the Titan supercomputer to scale a reverse MC ray tracing technique
to 16384 GPUs. Utilizing CUDA, Silvestri and Pecnik ported a reciprocal MC
method for radiative heat transfer in turbulent flows, resulting in notable speedups
compared to CPU-based versions. Heymann and Siebenmorgen [141]] used GPU-based
MCRT for modeling dust radiation transfer in active galactic nuclei. At the same time,
Ramon et al. used a GPU-accelerated MC code, written in CUDA with a Python
interface, to model RT in ocean-atmosphere systems. Lee et al. [143] created gCMCRT,
a GPU-based MCRT code written in CUDA Fortran, for 3D simulation of exoplanet
atmospheres. Numerous research groups have also studied integrating machine learning

techniques to reduce noise in MCRT simulations [[144] )

3.2 Motivation and Related Works

In this work, we assess the performance of two popular GPU computing platforms in
the Python ecosystem, Numba [[73]] and CuPy [71]], particularly with regard to MCRT
simulations. Both CuPy and Numba are high-level tools designed for ease of use (e.g.,
[148]). Numba is a just-in-time (JIT) compiler that speeds up Python code by
converting it into optimized machine code, delivering performance close to that of
manually optimized C code [73]. CuPy, in contrast, offers GPU acceleration with a
NumPy-like interface, making it an easy choice for Python users looking to harness
GPU power [71]]. It can be a preferred platform for scientific computing due to its
wide support for mathematical operations and compatibility with Python modules
(e.g., [149L [I50).

Numerous research has examined how well Numba and CuPy work in different

applications. Di Domenico et al. found that Numba achieved performance on
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par with CUDA-based C++ when employing NAS parallel benchmark kernels. In
contrast, Oden’s comparison between Numba and CUDA C highlighted Numba’s
slower execution by 50-85% for computational heavy tasks. Peng Xu et al.
examined data transfer speeds between Numba and CuPy, showing Numba’s superiority
in handling large data transfers, with single-precision operations being approximately
20% faster than double-precision ones. Azizi [151]] used a variety of Python-based
tools, including CuPy and Numba, to optimize expectation-maximization algorithms
with positive outcomes. Marowka evaluated Numba’s performance in matrix
multiplication, while Dogaru R. and Dogaru 1. [152]] applied it to reaction-diffusion
cellular nonlinear networks. These earlier studies serve as a basis for our thorough
examination of CuPy and Numba in the scope of MCRT.

This study’s primary goal is to evaluate the CuPy and Numba platforms’ capability
for the MCRT simulations. To do this, we ran simple tests, such as generating random
numbers and simulating a basic one-dimensional (1D) MCRT test case in a purely
absorbing medium (see Appendix [A] for derivation). A comprehensive evaluation
of execution times across three different GPU models, considering both single- and
double-precision calculations. For benchmarking, the performance was compared
against CUDA C implementations. As far as we know, no previous study has explicitly
looked into using CuPy and Numba for MCRT applications. This work’s novelty lies in
the useful insights it provides into the performance and applicability of Python-based

GPU frameworks for MCRT applications.

3.3 Experimental settings

We have compared CuPy and Numba’s performance in the MCRT problem’s solution
by considering two idealized test cases. The first involved generating PRNs and storing
them in global memory to simulate a memory-intensive case. The second test case
dealt with a 1D MC radiation transport problem in a purely absorbing medium with
plane-parallel geometry, emphasizing computational load with numerous arithmetic

operations like logarithms, divisions, and multiplications. In this case, global memory
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storage was avoided by using the generated PRNs directly within the kernel. We
benchmarked our findings against a test realization in CUDA C. Remarkably, the 1D
MCRT test case in CuPy only needed 15 lines of code, 26 in Numba, and 37 in CUDA
C, indicating that CuPy and Numba are easier to implement than CUDA C [99].

In order to make a fair comparison, we ensured that the calculations were as similar
across all three platforms as possible. The same seed and Xorshift-type PRNG
were used across the tests: CuPy and CUDA C employed the XORWOW generator
from the cuRAND library, while Numba employed its Xoroshirol28p generator,
which is part of the Xorshift random number generators family. Although Numba
doesn’t support CURAND, using similar algorithms allowed for consistent performance
comparisons. Performance testing between these generators showed no significant
differences, confirming that both PRNGs aligned well for a balanced assessment of
random number generation efficiency across CUDA C, Numba, and CuPy. To ensure
that any performance variance is only attributable to platforms, we employed the
identical constants and coefficients in every test instance. To maximize the GPU’s
potential in Numba and CUDA C, we employed an optimal grid, block, and thread
configuration. Conversely, CuPy depends on its default setup, which represents platform-
specific parallel computing resource management.

Since Numba and CuPy utilize JIT compilation, functions are compiled during
runtime when called. As a result, the first time a function is invoked, it includes the
compilation process, which can substantially increase execution time. We excluded
the timing for the initial iteration in order to prevent the distortion of performance
results. We did not count the time to set up the PRNG state for CuPy and CUDA C in
the GPU performance tests because Numba sets up its PRNG state on the CPU. We
explicitly set the data type for single-precision computations because CuPy and Numba
use double-precision for all floating-point variables and constants by default [148]].

We used nvprof and Nsight Systems profiling tools to evaluate performance.
The specific versions of Python, CuPy, CUDA C, and Numba utilized were 3.10.6,
12.2.0, 11.8.0, and 0.58.1, respectively. To ensure accuracy, we ran every test 100 times

and averaged the outcomes. Each test lasted 20 minutes and used the nvidia-smi tool
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to track power usage. We collected the power and GPU utilization data every 5 seconds,
and the average of these measurements was taken to obtain reliable power consumption
insights.

We evaluated three different Nvidia GPUs: RTX3080, V100 (from a DGX-2 server),
and the A100 (from a DGX-A100 server). The A100 was selected since our organization
had access to this relatively new Nvidia card, which is intended for HPC and artificial
intelligence. The V100, which came before the A100, was also included for comparison.
The RTX3080 represents a high-performance consumer-grade GPU (see Table [3.1] for
specifications). These cards provide a good representation of GPUs actively used in
scientific computing. While we did not have access to the newest Nvidia H100 card or
GPUs from AMD or Intel at the time of this study, our comparison of the RTX3080,
V100, and A100 suggests that the differences we observed across software platforms

should remain consistent, regardless of the specific GPU cards used.

Table 3.1: Key Technical Specifications of the Nvidia GPUs Utilized in This Study.

GPU Card Base Clock Bandwidth FP32 (Float) FP64 (Double) CUDA

[MHZz] [GB/s] [TFLOPS] [TFLOPS] Cores
RTX3080 1440 760 29.77 0.465 8704
V100 1230 897 14.13 7.066 5120
A100 765 1,555 19.49 9.746 6912

Unless stated otherwise, all the results shown in Section [3.4] were collected with the
A100 GPU. For comparison purposes, results from the RTX3080 and V100 GPUs are
also provided in Section [3.4.3] In Section [3.4.1] single-precision and double-precision
calculations are compared, although all other computations were performed in single-

precision.

3.4 Results

A comparison of the random number generation performance of CUDA C, Numba, and
CuPy is illustrated in Figure [3.1a] The number of PRNs generated is shown on the

x-axis. Solid lines indicate the overall computation time, encompassing host and GPU
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computations. The GPU kernel computation time, on the other hand, is represented
by dashed lines and only accounts for time spent on the GPU. For N < 10°, all three
platforms displayed similar total execution times. However, for larger N, Numba’s
performance lagged behind CuPy and CUDA C, with execution times 1.87x and 3.22x
slower at N = 2x 10, respectively. CuPy performed comparably to CUDA C up to
N = 10® but was outperformed by CUDA C by 1.72x at N = 2x10°. Regarding GPU
kernel performance, CUDA C surpassed Numba and CuPy even at N = 10*, being
1.21x and 1.67x faster. This performance gap increased with growing N, reaching
about 22x and 7.8 x compared to CuPy and Numba at N = 2x 10°. These results are
consistent with other research 99].

A comparison of CUDA C, Numba, and CuPy’s performance in solving the 1D
MCRT problem is shown in Figure [3.1b] In terms of total computation time, CuPy
performed better than both CUDA C and Numba for smaller workloads (N < 10%)
(solid lines). At N = 10°%, CuPy became 3.06 times and 4.72 times faster than CUDA C
and Numba, respectively. However, as the problem grew beyond N > 108, CUDA C
became the better option. For N = 2x10?, CUDA C surpassed Numba and CuPy by
5.78 x and 5.24 x, respectively. When focusing on the GPU kernel performance alone
(dashed lines), CuPy lagged behind both CUDA C and Numba. For N = 10, CuPy was
already 8.5 x slower compared to CUDA C, with this gap increasing to 14.2x at N =2
x 10°. In contrast, Numba showed competitive performance with CUDA C, with only a
1.53x slowdown at N =2 x 10°. This discrepancy was primarily attributed to 2 factors:
(1) the difference in random number generators utilized (see Section [3.3), and (2) the
use of double-precision for the logarithm function (see Section[3.4.3)). These differences
reflect both algorithmic structure, as the choice of PRNG affects computational and
memory behavior, and software/API limitations, as Numba’s handling of transcendental
functions offers less control. Notably, when the same PRNG was used across platforms,
the performance of Numba closely matched that of CUDA C for this test case.

The similar performance of CUDA C and Numba in the 1D MCRT application,
contrasted with their significant differences in the random number generation task,

highlights the underlying cause of this behavior. In the PRN generation problem, where
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Figure 3.1: Computation time as a function of the number of PRNs/particles for CUDA,
Numba, and CuPy on the Nvidia A100 GPU. The left figure displays results for the
random number generation benchmark, whereas the right figure focuses on the 1D
MCRT problem. The GPU kernel times are shown by dashed lines, while the overall
computation time is shown by solid lines.

Numba performed poorly, random number samples were stored in GPU global memory
space, causing substantial performance overhead due to data movement. However, in the
1D MCRT test case, random numbers are generated and utilized locally without much
data transfer, allowing Numba to perform more efficiently. This implies that Numba
is slower for large-scale data transfers and faster for small-scale data movement [101]].
This indicates that the observed performance differences stem from memory access and

API limitations.

The faster execution times observed for smaller workloads (N < 10%) in the 1D
MCRT problem using CuPy can be referred to its efficient memory management. CuPy
reduces the cost of repetitive memory allocation and CPU/GPU synchronization by
"caching" previously allocated memory blocks [[70]. This is particularly beneficial in the
1D MCRT test case, where frequent allocations of memory blocks occur, allowing CuPy
to outperform both Numba and CUDA C in terms of overall performance for smaller
problem sizes N < 10%. However, in terms of GPU kernel execution, CuPy was slower
because intermediate computed values were temporarily stored in global memory after
each calculation, which added some latency. Overall, CuPy’s performance is influenced
by a combination of algorithm structure, hardware architecture, and limitations in APIs

and compilers.
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3.4.1 Effects of Precision on Performance

This section performs calculations in both single-precision and double-precision formats
to investigate the impact of precision on performance. See [148] for a comparable
analysis used with the finite-difference method for Burgers’ equation. Additionally,
comprehensive performance evaluations of CUDA C and Numba for tasks like 3D
stencil operations, parallel reduction, and matrix-matrix multiplication in both precision

levels can be found in [TOT]].

Figure [3.24] illustrates the computation time of GPU kernels for random number
generation using CUDA C, Numba, and CuPy, comparing single- and double-precision
computations as a function of N. At N = 105, the single-precision execution of CUDA
C outperformed its double-precision version by 1.17x, as expected. As N increased,
this differenece grew to 1.77x at N = 2 x 10°. These outcomes align with prior
research on the influence of precision in CUDA C [[153}[154]]. CuPy showed a similar
performance trend, which is likely expected since it’s PRN generation depends on the

CUDA-provided cuRAND library [70, 50].

For Numba, single-precision computations were slower for N < 6 x 107 but
became ~12.5% faster for larger N. The cause of this behavior is two competing
factors. First, as confirmed by PTX assembly code inspection and profiling using
the Nsight Systems tool, Numba generates random numbers in double-precision
by default. Converting these values to single-precision incurs additional overhead.
However, single-precision data is quicker to store in global memory than double-
precision, allowing single-precision calculations to outperform double-precision for

larger V.

The GPU kernel execution time for the single- and double-precision 1D MCRT
application as a function of N is shown in Figure[3.2b] For CuPy, similar performance
was observed for both precisions up to N = 10°. Beyond this, single-precision
performance becomes faster, reaching a maximum value of 1.43x at N = 10°. This
difference can be described by the significant data transfers to and from global memory

space for temporary storage following every computation.
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Figure 3.2: GPU kernel execution times as a function of the number of random
numbers (particles) for CUDA C, Numba, and CuPy on the Nvidia A100 GPU. The
left figure illustrates the results of the random number generation application, whereas
the right figure shows the 1D MCRT application. Solid lines represent single-precision
computations, and dashed lines indicate double-precision outcomes.

For Numba, double-precision calculations were always slower than those using single
precision for all the tested values of V. Numba internally converts double-precision
PRNSs to single-precision but does so more efficiently than CuPy by avoiding the need to
temporarily store data in global memory between calculations. This approach enhances
performance. For instance, at N = 10%, the speed difference between the two precisions

was a factor of 1.08, whereas, at N = 2x 107, the gap increased to 2.74 x.

3.4.2 Energy Usage Analysis

An overview of the power usage and GPU utilization characteristics, as well as the
average energy consumption to generate a single random number (or track a single
particle in the 1D MCRT test case), is given in Table We record values for N = 10°
using the A100 GPU. According to the results, Numba uses less energy than CuPy. But,
CUDA C outperforms both of them. Specifically, CUDA C requires 2.1 and 2.4 times
less energy per random number than CuPy and Numba, respectively. For the 1D MCRT
simulation, CUDA C consumes 5.1 times less energy than CuPy and 3.7 times less than
Numba. CUDA C’s energy efficiency is attributed to its fine-tuned optimizations for
the GPU architecture, maximizing parallel computing efficiency and minimizing idle
time, resulting in higher computational output per unit of energy. In contrast, CuPy

and Numba, being Python-based JIT compilation frameworks, introduce overheads and
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inefficiencies that impact their energy performance relative to CUDA C.

Table 3.2: Power usage, GPU utilization, and energy consumption. These parameters
were measured by utilizing the A100 GPU to track 10° particles for the 1D MCRT
problem and to generate 10° PRN for the random number generation problem. Details
on the measurement process can be found in Section PE}

PRN Generation 1D MCRT
Energy per PRN Power Util Energy per Particle Power Util
[nanojoule] [Watt] [%] [nanojoule] [Watt] [%]
CUDA C 1.17 76 100 4.34 125 46
Numba 2.46 81 100 15.9 68 10
CuPy 2.82 206 100 22.1 221 100

Energy consumption in the PRN generation test shows that CUDA C uses 7% less
power than Numba and 171% less than CuPy. However, for the 1D MCRT test case
(as shown in Table [3.2)), Numba consumes 225% and 84% less power than CuPy and
CUDA C, respectively. This is because Numba leverages the GPU less intensively
compared to CUDA C. In Numba’s case, the random number generator’s state setup
occurs on the host side, which is then moved to the GPU, introducing delays that
reduce GPU utilization. The excessive data transfer brought on by CuPy’s default
memory management [[70] is the reason for its high power consumption [155]]. These
differences in power consumption between CUDA C, Numba, and CuPy involve some
important considerations for practical applications. Focusing on GPU parallelism and
optimization, CUDA C generally provides better computation and energy efficiency
performance. It would be ideal in applications where time-sensitive outcomes and
power constraints are required [156) [157]. While Numba and CuPy simplify GPU
implementation, they represent overheads that affect energy efficiency, scalability, and

performance.

3.4.3 Benchmarking Selected Nvidia GPUs

This subsection evaluates the performance of the 3 GPUs by applying them to a 1D
MCRT application. For a comparable analysis of PRN generation in CUDA C, refer to
Chapter [2and the study by Askar et al. [I58] on GPU performance evaluation.
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In Figure [3.3a] the computation time for Numba is represented. The Numba-
generated PTX assembly code shows that the Log function is run in double precision
even though all variables and constants are explicitly defined as single-precision. This
leads to performance penalties, especially on the RTX3080 GPU card, which processes
double-precision tasks up to 64 x slower than single-precision operations. On the other
hand, the V100 and A100 GPUs have a much smaller performance gap, with double-
precision operations being only twice as slow as single-precision (refer to Table [3.1]
for performance metrics of GPU cards for each precision type). As a result, Numba
performs significantly slower on the RTX3080, with a performance difference of up to

6.7 x when processing N = 2 x 10 particles compared to the A100 and V100.
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Figure 3.3: GPU kernel computation time as a function of number of particles for the
1D MCRT test problem, comparing CuPy and Numba across 3 GPU cards. The left
figure illustrates the performance of Numba, while the right figure shows the results for
CuPy.

The Figurepresents CuPy’s performance results. For N < 3x10°, CuPy ran
faster on the V100 and RTX3080 compared to the A100. Though, for N > 3x10°, the
A100 outperforms both the RTX3080 and V100, achieving speed-ups of 1.72x and
1.49x at N = 108, respectively. The reason for the RTX3080’s slower performance
for N > 3x10% is due to its memory bandwidth is 18% and 105% less than that of the
V100 and A100, respectively. The A100’s faster performance compared to the V100
for N > 3x10° is also due to its 73% higher memory bandwidth, as highlighted in
Table [3.1] In this case, a GPU card with higher memory bandwidth is an important
factor for CuPy’s overall efficiency.

Table [3.3] compares the power consumption of 3 GPUs during random number
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generation and 1D MCRT problem cases. The A100 GPU consumes the least power,
followed by the V100, with the RTX3080 using the most. For example, the A100 GPU
card uses 26.8% less power than the V100 and 64.7% less power than the RTX3080
GPU cards while using CUDA C. Numba is 105.2% more efficient than the RTX3080
and 52% more efficient than the V100 while operating on the A100. Similarly, CuPy,
on the A100 consumes 3% less power than on the V100 and 38.3% less than on the

RTX3080.

Table 3.3: Power usage for tracking 10? particles in the 1D MCRT task and generating
10° samples in the PRN generation task across RTX3080, V100, and A100 GPU cards.

PRN Generation [Watt] 1D MCRT [Watt]
A100 V100 RTX3080 A100 V100 RTX3080
CUDA C 76 85 129 141 200 225
Numba 81 145 174 68 85 133
CuPy 206 211 293 221 229 297

3.5 Discussion

The performance of GPU programming tools — more especially, Python-based
frameworks such as CuPy and Numba — is assessed in this study using MCRT
simulations. We illustrate the trade-offs between computational efficiency and
implementation simplicity for each platform by examining two different problem sets
and comparing the outcomes with a CUDA C solution.

Our results show that performance varies depending on the workload type, including
compute- and memory-intensive workloads. We also do computations in single and
double precision to evaluate the effect of numerical precision (for more information,
see Subsection [3.4.1). We benchmark these frameworks across several NVIDIA GPU
architectures, analyzing their effectiveness under various setups to obtain a deeper
knowledge of hardware-dependent performance (see Section [3.4.3)).

Although our study offers valuable insights, it should be noted that it has a number

of limitations. Factors such as memory access patterns, optimization constraints, and
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framework-specific overheads influence performance. Future research will explore
additional optimizations, alternative GPU architectures (e.g. AMD, Intel), and their
impact on large-scale simulations involving higher-dimensional and more complex
geometries.

In addition to performance analysis, our findings provide useful recommendations
for choosing GPU programming frameworks based on particular computing needs. This
paper helps researchers in maximizing performance for MCRT simulations and other
related computational tasks by outlining the advantages and disadvantages of CuPy and

Numba.

3.6 Conclusion

In this study, we evaluated the performance of 2 Python-based GPU programming
frameworks, Numba and CuPy, in the scope of Monte Carlo radiative transfer (MCRT)
simulations. Two problems were used: one focused on generating and storing random
numbers in global memory (a memory-intensive task), and the other involved a one-
dimensional (1D) MCRT simulation in a fully absorbing medium. For the purpose of
comparison, we benchmarked all tests against CUDA C on three different GPUs: the
GeForce RTX 3080, the NVIDIA Tesla A100, and the Tesla V100.

The outcomes present that CUDA C provided the better energy efficiency and fastest
execution time. Numba’s performance was comparable to that of CUDA C when there
was minimal data movement, but it drastically decreased when large data transfers were
required (such as storing random numbers in global memory). CuPy showed better
memory management than Numba, making it faster for random number generation.
However, CuPy’s performance was slower in compute-intensive tasks, with significantly
lower performance in the 1D MCRT test problem and higher energy consumption,
resulting in lower efficiency. CuPy’s code implementation process was simpler, which
can reduce the complexity of development despite its slower performance.

These findings outline the performance characteristics of each framework, high-

lighting the strengths and weaknesses of each platform. It provides useful insights
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for selecting the most appropriate programming platform for specific computational

requirements.
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Chapter 4

Performance Evaluation of
Numba and CuPy in Multi-GPU

Environments

This chapter of the PhD thesis is based on the following paper submitted to the Journal
of Cluster Computing and is currently under peer review:

Tair Askar, Martin Lukac, Bekdaulet Shukirgaliyev, and Ernazar Abdikamalov.
2024. "Evaluating Multi-GPU Computing Capabilities of Numba and CuPy." Cluster

Computing, Springer (accepted).

4.1 Introduction

GPU computing has been an important part of scientific computing in recent years,
driving advancements in numerous areas (e.g., [159,
[165]). Single-GPU systems are frequently falling short in terms of performance
as computational needs are rising. Multi-GPU systems present a more powerful
alternative by distributing workloads across several GPUs. However, the performance
improvements in such systems largely depend on the efficient utilization of GPU
resources [[166, [168]]. Modern applications require scalability, especially those
dealing with big dataset processing or running complex simulations. Nvidia developed
the DGX servers [[169] in direct response to these demands by using multiple GPUs
on a single node, explicitly optimized for improved scalability and computational

performance.
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The Python programming language has gained widespread popularity [170]
because of its user-friendliness and the abundance of scientific libraries it offers, such
as NumPy and SciPy [[173]], which simplify complex calculations without the
need for in-depth knowledge of low-level programming. Due to Python’s high-level
abstraction, this often comes at the cost of performance. Libraries like Numba
and CuPy [70] have been developed to address this issue. Numba is a just-in-time
(JIT) compiler that converts Python code into optimized machine code, which enables
near-native performance on the GPU. CuPy, on the other hand, is a GPU-accelerated
library similar to NumPy, allowing Python users to harness GPU power for array-based
computations. While CUDA C offers more granular control and enhanced performance
by directly interfacing with the GPU, it requires more complex programming, which
makes libraries like Numba and CuPy more appealing for many researchers seeking a

balance between ease of use and performance .

4.2 Literature Review

Numerous studies have investigated using Numba and CuPy across various applications,
utilizing single- and multi-GPU setups. Di Domenico et al. [176] demonstrate that
employing Numba for GPU-based applications in Python delivers performance on
par with C++ using CUDA and outperforms C++ with OpenACC. Additionally,
Numba requires fewer GPU management tasks than CUDA, though slightly more than
OpenACC. Rao et al. [177] compared Numba and C for analyzing historical Phasor
Measurement Unit data. They found that Numba substantially improves performance
compared to standard Python and makes coding easier. However, even with these
improvements, Numba still performs slower than C on the NVIDIA Jetson Xavier GPU.
Villalobos and Meneses [178] conducted benchmarking of Numba and CuPy, along
with other GPU-accelerated libraries, on an NVIDIA V100 GPU. Their findings showed
that Numba outperformed CuPy in Monte Carlo (MC) simulations, particle interactions,
and stencil computations, though CuPy provided a simpler coding experience. Xu et

al. report that Numba surpasses CuPy in performance when the grid size exceeds
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107, and using single-precision in Numba improves computation time by 20% compared
to double-precision. Oden’s benchmarking of Numba against CUDA C reveals
that Numba performs 50-85% slower in computationally intensive tasks. Kriebel
et al. [179] demonstrate that utilizing CuPy for tensor contraction tasks on a single
V100 GPU achieves a speedup of 10 to 16 times compared to performing the same
computations with NumPy on 36 CPU cores. Guerrero-Hurtado et al. [180] demonstrate
that employing Numba with CUDA for fluid-structure interaction simulations on a single
GPU achieves a speedup of 34 to 54 times compared to a CPU-based solver utilizing
96 to 128 cores. Almgren-Bell et al. [150] enhance the performance of particle-in-
cell codes through the use of CuPy and Numba, achieving a processing speed of 1.4
nanoseconds per particle per time step on a single GPU, with scalability reaching up to
16 GPUs. Pata et al. [181]] demonstrate that leveraging Numba to offload computations
to multiple GPUs can accelerate high-energy physics data analysis, achieving speeds

up to 10 times faster than multi-threaded CPUs.

4.3 Motivation

Although Numba and CuPy are becoming more popular for multi-GPU computing,
there are few detailed studies on how well they perform and scale in multi-GPU setups.
It’s important to fill this gap to better understand how these tools handle large workloads
in such environments. This work extensively analyzes multi-GPU in Numba and CuPy
compared to CUDA C, focusing on performance, scalability, and energy efficiency
for various scenarios. The research looks at both weak and strong scaling scenarios
and explores optimizations like fast math and block-thread adjustments. The
outputs provide useful insights into the strengths and weaknesses of these Python-based

frameworks in real-world applications.
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4.4 Study Design and Methods

We assess the performance of Numba and CuPy in tackling the Monte Carlo radiative
transfer (MCRT) application in a multi-GPU environment, comparing these results
with a CUDA C implementation. As discussed in Chapter [3] the same two idealized
test cases are used for this evaluation. In the first case, a scenario with high memory
utilization is simulated by generating and storing pseudo-random numbers (PRNs) in
global memory. The second case involves solving a one-dimensional (1D) MC radiation
transfer test case within a fully absorbing medium (see Appendix [A]for a derivation),
emphasizing a computationally intensive workload that includes numerous arithmetic
operations (e.g., division, logarithms). Our tests cover both strong scaling (constant
problem size with increasing GPU units) and weak scaling (problem size grows with the
number of GPUs) while also analyzing the effects of optimizations such as fast math
and block-thread configuration. Additionally, energy consumption is evaluated. We
implement two approaches: a multi-CPU thread model, in which an individual CPU
thread controls one GPU, and a single-CPU thread model, in which a single thread

controls all GPUs.

To ensure a fair comparison, we standardized the computational approach across
CuPy, Numba, and CUDA C computing platforms. We used the same pseudo-
random number generator (PRNG) type with an identical seed. Specifically, we
employed cuRAND’s XORWOW PRNG [50] for both CuPy and CUDA C, while Numba
used Xoroshirol28p from the same Xorshift family [182]]. No significant
performance differences were observed between these PRNG algorithms [183]].
Furthermore, we kept all problem settings the same for each test case (e.g., absorption
coefficient, position) and used the same block and thread configurations. For the
multi-CPU thread implementation, we used Pthreads with CUDA C and Python’s
threading module for CuPy and Numba, as they are comparable in managing CPU
threads on GPUs. This ensures that performance differences are due to the platform

implementations, not the PRNG or setup variations.

Since both Numba and CuPy rely on JIT compilation, we omit the timing for the
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first function execution to exclude the overhead of the initial compilation from our
performance evaluations. Furthermore, to maintain consistency, we ensure that all
floating-point variables and constants are explicitly defined as single-precision across
all platforms.

We conducted our experiments on the Nvidia DGX-2 system, which has 16
NVIDIA V100 GPUs (refer to Table .| for key specifications). Even with continuous
improvements in GPU technology, the DGX-2 continues to be widely utilized for high-
performance computing (HPC) applications. We used profiling tools such as nvprof
and Nsight Systems [[184] for performance evaluation. The software versions
include CuPy 12.3.0, Numba 0.58.1, CUDA C 11.4.0, and Python 3.8.10. We ran
each method 100 times and recorded the average value to make sure the outcomes were
reliable. To monitor power consumption, we utilized nvidia-smi instrument [185].
We conduct every test for 20 minutes and record consumption every second. Then we

calculated the average value.

Table 4.1: NVIDIA DGX-2 key specifications.

CPUs Dual Intel Xeon Platinum 8168, 2.7 GHz, 24-cores

GPUs 16X NVIDIA Tesla V100 32GB HBM2

System Memory 1.5TB DDR4

GPU Memory 512GB total HBM2 (16 x 32 GB)

Storage OS: 2X 960GB SSDs; Internal Storage: 30TB (8X
3.84TB) SSDs

Network 8X 100Gb/sec Infiniband/100GigE Dual 10/25Gb/sec
Ethernet

Maximum Power Usage | 10 kW

Performance 2 petaFLOPS

NVIDIA CUDA Cores | 81920

4.5 Topology of Multi-GPU systems

Performance optimization of multi-GPU systems requires an understanding of their
topology. The efficiency of data transfers and computational performance are
substantially affected by the way in which GPUs are connected to the CPUs

and to one another, typically via PCle lanes or high-speed interconnects such as
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Figure 4.1: Simplified topology of Nvidia DGX-2 server. Red lines correspond to the
PCle lanes, while black lines to the NVlink.

NVLink. Understanding this design allows users to allocate resources for their specific

applications in an efficient manner.

The connection architecture is complex in systems such as the Nvidia DGX-2, which
has 16 GPUs. While NVLink facilitates fast GPU-to-GPU communication, CPU-to-
GPU communication primarily occurs over PCle lanes. Figure d.Ishows the general
topology of the DGX-2 server where these lanes are grouped, with several GPUs sharing
the same PCle connection to the CPU. If a user is unaware of how these GPUs are
grouped, they may accidentally allocate multiple GPUs from the same group, forcing
those GPUs to share a single PCle lane. This can lead to bandwidth sharing, causing
performance bottlenecks for applications where data movement between CPU and GPU

is heavy.

For instance, if a user needs four GPUs for their application and doesn’t indicate
which GPUs to utilize, the system may automatically choose GPUs 0-3. Since
these GPUs share a PCle lane in a DGX-2 system, the available bandwidth must
be divided between them. This shared bandwidth could limit performance, especially

for applications that require frequent data transfers between the CPU and the GPUs.

However, if the user explicitly selects GPUs from different PCle groups—such as

GPUs 0, 4, 8, and 12 (see Figure @ for reference)—each GPU would have its own
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dedicated PCle lane for communication with the CPU. This configuration maximizes
the available PCle bandwidth, allowing each GPU to utilize its full potential. In this
case, the performance could be up to four times better than using GPUs from the
same PCle group, as each GPU would benefit from independent, non-competing data
transfers.

Understanding and leveraging the topology of a multi-GPU system can lead to
significant performance improvements, particularly in bandwidth-intensive applications.
For optimal performance, especially in CPU-to-GPU or GPU-to-CPU intensive tasks,
selecting GPUs from different PCle domains is advisable to ensure efficient use of the

available bandwidth.

4.6 Results

4.6.1 Strong Scalability Assessment
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Figure 4.2: Strong scaling performance measured as execution time versus the number
of GPUs for CUDA C, CuPy, and Numba (lower values indicate better performance).
Solid lines represent single-CPU control results, while dashed lines show results for
multi-CPU control implementations. The left panel displays results for the random
number generation, and the right panel shows the 1D MCRT results.

The experiments involving CUDA C, CuPy, and Numba for testing PRN generation
will be labeled as Rcupa, Rcoupy, and Ryumba, respectively. Similarly, for the 1D
MCRT application, the experiments will be named Ccupa, Ccupy, and Cxumba. Each
experiment will further be annotated with a superscript 5 or M to indicate whether

a single-CPU or multi-CPU thread version is used. To simplify, we will refer to

53



4. Performance Evaluation of Numba and CuPy in Multi-GPU Environments

all experiments as R5, RM (for PRN generation) and C5, CM (for the 1D MCRT
application), depending on the CPU configuration. For example, experiments using
single- and multi-CPU threads in CUDA C for the 1D MCRT application will be
denoted as Ccypa.

Figure illustrates the execution time required to generate 8x 10° PRNs using
CUDA C, CuPy, and Numba as a function of the number of GPUs. The solid lines
represent the single-threaded RS implementation, while the dashed lines shows the
multi-threaded R™ implementation. For the R;,, implementation, the execution time
remains constant regardless of the number of GPUs utilized. This happens because of
the combined effect of GPU computation time and application programming interface
(API) calls. The calculation on one GPU overlaps with the API calls for another due to
the CPU thread issues API commands sequentially, which causes a performance plateau
across multiple GPUs.

The execution times for both R¢, p, and Ry, improve with the addition of up
to six GPUs. Profiling with Nsight Systems reveals that in R%upy, around 80% of
API calls time, is not overlapped with GPU computation. Still, this non-overlapping
time decreases as more GPUs are utilized, leading to better performance. However,
once the number of GPUs exceeds six, the benefit of adding more GPUs is offset by the
overhead from kernel launches, causing execution time to stabilize. For RY,,.1,.» GPU
computation time surpasses API calls time by 110%. As the number of GPUs increases,
the execution time drops due to efficient overlapping of computations across multiple
GPUs. Nevertheless, similar to R%upy, performance gains level off beyond six GPUs
because kernel launch overheads counterbalance further improvements.

The RZyp, implementation demonstrates better performance over R(Sjupy and
R umba across all GPU configurations. At 10 GPUs, R¢yp, surpasses Re,p, and
R umba by factors of 4.54 and 4.84, respectively. Although both R%;, and R%upy
use the cuRAND library, R%upy suffers from inefficiency in generating PRNs [183]],
primarily due to the GPU remains idle during memory allocation after initializing the
PRNG state. R, has two main limitations: its PRNG state is initialized on the CPU

and then transferred to the GPU, and it generates PRNs about three times slower than

54



Results

R2upas largely because it initially generates them in double precision by default and
then converts them to single precision [183]].

In an RM setup, execution time decreases across all tested computing platforms as
the number of GPUs increases. This happens because each CPU thread independently
manages its assigned GPU, enabling parallel computations across multiple GPUs. In
these experiments, R, demonstrates a performance advantage over both Rl\c/[upy
and RN .., outperforming them by factors of 6.74 and 8.62, respectively, when using
a configuration of ten GPUs.

Figure @ illustrates the execution times for the Ccupa, Ccupy, and Cnumba
experiments using different numbers of GPU cards. As anticipated, Ccupa consistently
outperforms both Ccyupy and Cxumba, regardless of the number of GPUs used, in both the
CS and CM implementations. In the C° setup, CZyp, is 7.2 times faster than Cg,p, and
7.31 times faster than C3, ;.. when utilizing 10 GPUs. In the CM configuration, CXp
is 3.2 times faster than C¢{,p, and 6.68 times faster than Cy},,,,,,. The performance of
Ccupa improves up to the three GPUs, but starting from the fourth GPU, there is a
20% drop in performance, with the decline continuing to around 10% at 10 GPUs.
The MCRT problem involves several time steps and frequent API invocations, which
results in increasing API call overhead that grows with the number of GPUs. This is
the main cause of this delay. In contrast, Cc,py observes performance improvements up
to four GPUs in the C° mode and up to eight GPUs in the C™ mode, after which the
execution time stabilizes. This stabilization can be explained by two factors: 1) caching
of memory blocks reduces memory allocation time and synchronization overhead, and
2) higher memory bandwidth reduces data transfer time [183] [70]. Cxumba, unlike the
other implementations, experiences a drop in performance as the number of GPUs
increases. This is largely due to the CPU-based initialization of the PRNG state, which
causes the GPU to idle during this process. Since the PRNG state is initialized on the
host, the use of multiple CPU threads is constrained by the Global Interpreter
Lock (GIL). Given that the MCRT test problem involves many time steps, repeated
PRNG state initialization results in further performance degradation, which becomes

more pronounced as additional GPUs are used.
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Figure 4.3: Strong scalability efficiency comparison for CUDA C, CuPy, and Numba
implementations (higher values indicate better scalability). The left panel displays the
results of the random number generation problem, whereas the right panel focuses on
the 1D MCRT application. A perfect scalability score is 100%, with values between
99% and 51% indicating acceptable scalability, and values below 51% considered poor
scalability.

6
N of GPUs

Scalability efficiency is expressed as a percentage and serves as a metric to assess
performance improvement when using multiple GPUs. It quantifies how well the
addition of more GPUs boosts computational efficiency. The formula for scalability

efficiency is:

Speedup
Number of GPUs

Scalability Efficiency (%) = ( ) x 100% (1)

where the speedup is defined as:

Execution Time with 1 GPU
Execution Time with N GPUs

Speedup = (2)

A scalability efficiency of 100% represents ideal scalability, where performance
increases linearly with the addition of GPUs. Efficiency values between 99% and 51%
indicate reasonable scalability, meaning performance is improving, though at a reduced
rate compared to perfect scaling. On the other hand, values below 51% indicate poor
scalability, meaning that adding more GPUs has little impact on performance because
of issues like communication delays or more frequent API calls.

Figure [4.3]illustrates the scalability efficiency of each platform when using multiple
GPUs for PRN generation (Figure 4.3a) and for the 1D MCRT test case (Figure 4.3b)
under strong scaling conditions. In Figure @ RNumba demonstrates the highest

efficiency across all platforms. With 10 GPUs, Rxumba achieves 93.4% efficiency in
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RM mode and 44.23% efficiency in R° mode. Compared to Rcupa, Rxumba ShOws
a ~ 2.42x higher efficiency in RM mode and a ~ 4.04x improvement in R° mode.
Likewise, when compared t0 Rcupy, RNumba Outperforms by ~ 1.22x in RM mode
and ~ 1.45x in R® mode.

In Figure@ the 1D MCRT test demonstrates that Cc,py exhibits higher scalability
efficiency in both implementation modes. In the CMmode, it achieves 64.3% efficiency
across 10 GPUs, which is 7.78 times greater than C;p, and 35.5 times higher
than C¥ ... Similarly, in C5 mode, C'(SJuPy reaches 26.6% efficiency with 10 GPUs,

surpassing C3p by 3.46 times and CY,,, by 16.97 times.

4.6.2 Weak Scalability Assessment
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Figure 4.4: Weak scaling performance measured as execution time versus the number
of GPUs for CUDA C, CuPy, and Numba (lower values indicate better performance).
Solid lines represent single-CPU control results, while dashed lines show results for
multi-CPU control implementations. The left panel displays the results for the random
number generation, and the right panel shows the 1D MCRT results.

Figure @ illustrates the execution times of Rcupa, Rcupy, and Riumba across
multiple GPUs in a weak scaling scenario. As the number of GPUs increases, execution
times rise for all three implementations. Rcupa consistently demonstrates better
performance over both Rcypy and Rxumba. In single-thread mode (R9), R%UD A 15 2.26
times faster than R¢, p, and 4.06 times faster than RY,,;,, When utilizing 10 GPUs. In
multi-thread mode (RM), Rfypa surpasses Rey,p, by a factor of 7.15 and Ry, 1., by

18.28 times.
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In Figure @I, the execution times for Ccupa, Coupy, and Cnumba are compared
under weak scaling across different numbers of GPUs. Ccupa consistently outperforms
both Ccypy and Cnumba across all configurations. While all implementations observe
a performance decline in the C5 mode, C&Py shows stable execution times in the
CM mode. This stability arises from Cc,py’s heavy reliance on temporary storage for
intermediate calculations. As the number of GPUs grows, the increased bandwidth
reduces the data movement bottleneck, leading to consistent performance. However,
despite this steadiness, Cfl,p, is 8.4 times slower than C¢fp, and 2.07 times slower
than CY},,,» With 10 GPUs. In C® mode, CZyp, surpasses C,,p, by 32.66 times and

CR s DY 5.95 times with 10 GPUs.
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Figure 4.5: Weak scalability efficiency comparison for CUDA C, CuPy, and Numba
implementations (higher values indicate better scalability). The left panel displays the
results of the random number generation problem, whereas the right panel focuses on
the 1D MCRT application. A perfect scalability score is 100%, with values between
99% and 51% indicating acceptable scalability, and values below 51% considered poor
scalability.

Figure [.54] illustrates the scalability efficiency of the PRN generation test under
weak scaling conditions. Among the three platforms, Rc,py shows better scalability in
both modes. Specifically, when using 10 GPUs, Rcypy achieves 47.1% efficiency in RM
mode and 33.04% in R® mode. Compared to Rcupa, Reupy delivers approximately
1.76 times higher efficiency in R™ mode and 6.32 times in R° mode. Similarly, when
compared t0 Rxumba, Rcupy demonstrates around 1.4 times better efficiency in RM
mode and 1.12 times better in R° mode.

Figure 4.5 demonstrates the scalability efficiency of the 1D MCRT test problem
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under weak scaling. The Cc,py implementation maintains 100% efficiency in CM mode
across all GPU counts. In contrast, the efficiency of C¥;p, and CxL ..., decreases as the
number of GPUs increases, falling to 48.74% and 17.96%, respectively, when using 10
GPUs. In C® mode, CZ;p, outperforms both C(Sjupy and C3 1., in terms of efficiency.
With 10 GPUs, C(SjUD A achieves an efficiency of 39.49%, which is 1.9 times higher than

Cupy and 4.19 times greater than CR,,,p,-

4.6.3 Performance Tuning
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Figure 4.6: Computation time as a function of the number of GPUs for optimized
implementations of CUDA C, CuPy, and Numba (lower is better). The left figure
presents the outcomes for strong scaling, whereas the right figure displays the results
for weak scaling. Only the multi-CPU implementations for the 1D MCRT test problem
are included.

This section focuses on applying optimizations to the single-precision version of our
1D MCRT test case. The two optimization strategies explored are:

1) Optimal Block and Thread Configurations: Identifying the most effective
combination of blocks and threads is essential for maximizing GPU resource utilization.
For each platform (CUDA C, CuPy, and Numba), we performed experiments to identify
the optimal grid configuration by varying the number of blocks and threads per block.
This approach is supported by previous studies that emphasize the impact of grid
configuration on GPU performance [186] [188]]. CUDA C and Numba allow direct
control over these parameters, whereas CuPy requires the use of Raw Kernels to

achieve similar control.
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2) Fast Math Optimization: This technique enables faster but less precise
mathematical operations, including fused multiply-add instructions and approximations
of transcendental functions (e.g., logarithm and exponential), to enhance performance.
Although this leads to a reduction in precision, it remains suitable for applications
where exact numerical accuracy is not essential [193]]. In this study,
we evaluate the performance gains achieved through both optimization strategies and
document the corresponding source code modifications.

This section focuses on optimizing our 1D MCRT test problem using the CM
implementation. Two optimization strategies are considered: 1) determining the optimal
block and thread configuration for each platform [194]], and 2) enabling fast
math [167] operations for computations. The latter can be utilized in cases where lower
or mixed precision is acceptable, even though it is not appropriate for tasks requiring
high precision (e.g., [193]]). We evaluate the performance gains achieved
through these optimizations and explain the changes needed in the source code.

Figure [4.64] illustrates the execution times for various platforms after optimizations
were applied for strong scaling. The C(l\j/[upy implementation outperforms both Coyp s
and C¥, . across all GPU configurations. With 10 GPUs, C&Py is 2.98 times faster
than C¥;p, and 8.83 times faster than C¥. .. Figure shows the execution times
for weak scaling, where Cg‘upy again surpasses Coip, and Cab . in performance at
any number of GPUs used. At 10 GPUs, C,p, is 1.95 times faster than C¢fyp, and
7.36 times faster than CX! ... .

Cé\;ﬁupy outperforms C;p, primarily due to its default memory "caching" feature,
which minimizes the overhead from memory allocation and CPU/GPU synchroniza-
tion [[70]]. In simple situations, such as our 1D MCRT test problem, where memory
usage is stable and predictable, this caching approach works highly effectively. How-
ever, in more complex cases, such as 3D MCRT simulations with time-varying source
terms or dynamic geometry changes [[195} [196]], the default caching behavior of Cgupy
can lead to inefficiencies. This includes problems like memory fragmentation and
inefficient memory use, which lower performance because cached memory blocks

might not be properly freed or reused. On the other hand, Cotp,, does not use memory
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caching by default, offering more flexibility in memory management. This approach
lets programmers manage and adjust memory use to fit specific applications. Although
implementing memory caching in C2;p, is possible, but it requires extra code changes

customized for the specific task [59] [167].

Speedup
Speedup
e
F

10° 10°

Figure 4.7: Speedup of optimized code implementation over the non-optimized
implementation of CUDA C, CuPy, and Numba for multi-CPU thread control versions
of the 1D MCRT application. The left figure illustrates strong scaling results, whereas
the right figure depicts weak scaling results.

Figure 4. 7] illustrates the performance boost of optimized versus non-optimized code
for both strong and weak scaling scenarios. In the case of strong scaling (Figure 4.74),
the Cé\fupy implementation achieves a speedup ranging from 55x down to 11 x as more
GPUs are utilized. Meanwhile, CX!, .. shows a more modest speedup, between 1.7 x
and 2.5x, and C;p, experiences speedups from 2.1x to 1.1x. For weak scaling
(Figure , C%\j/[upy maintains high speedups, ranging from 40x to 24, while C¥.
consistently delivers a 1.7x increase, and Cp, fluctuates between 1.9x and 1.5x.
Overall, while C¥. . and C\;p» maintain relatively stable speedup performance with
increasing GPU count, Cg/lupy experiences a decline in speedup as more GPUs are added
but retain a high overall speedup advantage.

Figure [.§] illustrates the impact of optimization parameters on performance
improvements. In strong scaling (Figure , both C¥p, and Cg/lupy benefit similarly
from block-thread tuning (48.91% and 46.54%, respectively) and fast math
usage (51.09% and 53.46%). However, CX. . benefits more from block-thread
tuning (83%) compared to fast math (17%). In weak scaling (Figure , Cg[UDA

and Cé‘upy achieve 36.9% and 38.44% improvements from block-thread tuning
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Figure 4.8: The average impact of each optimization factor on the performance
improvements in the multi-CPU implementation of the 1D MCRT test problem across
CUDA C, CuPy, and Numba. The solid line represents the effect of fast math
optimizations, while the dashed line represents the contribution from block-thread
configuration tuning. The left panel presents results for strong scaling, and the right
panel illustrates the outcomes for weak scaling.

and 63.1% and 61.56% from fast math, respectively. Like in strong scaling, CxL . -
derives more benefit from block-thread tuning (74.56%) than from fast math

(25.44%).

We apply the optimizations as follows: for both C2t;px and CXL .. we introduce
minimal modifications by setting the optimal block and thread configurations directly
within the code. Additionally, we enable the -use_fast_math flag for C3{;, at the
compilation stage and activate the fastmath=True option in the jit decorator for
CX . [72]. In contrast, optimizing Cg{lpy is more involved due to the use of Raw

Kernel, which requires a complete modification of the code structure [70]].

In Figure[d.9] the number of instructions executed for the non-optimized (Figure[d.9a)
and optimized (Figure GPU kernels across Cliypa. Clupy» and CXyp, are
shown. The terms fp32 (fp64) refer to instructions using 32-bit (64-bit) floating-
point operations, while int represents instructions for integer data, and control
instructions manage program execution flow. In Figure Cé/[upy has the highest
count of instructions for all categories except Tp64, which aligns with expectations
since C%\fupy’s non-optimized code, due to its abstraction layers, executes substantially
more instructions compared to Ciypa and CY,,,,,- Specifically, C,p, performs 1.15

and 1.21 times more fp32 operations, 6 and 24 times more int instructions, and
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Figure 4.9: Instruction counts for GPU kernel execution using CUDA C, CuPy, and
Numba. The left panel presents results for non-optimized code, while the right panel
displays those for optimized code. The data includes the multi-CPU implementation of
the 1D MCRT test case. Instruction types are categorized as: fp32 for 32-bit floating-
point operations, fp64 for 64-bit floating-point operations, int for integer operations,
and control for control flow instructions.

6.3 and 7.7 times more control instructions than C¥;p, and CN .., respectively.
Unlike the others, C¥. . includes fp64 operations because its default PRN generation
uses double-precision [183]]. In Figure f.9b] fp32 instructions decrease across
all implementations due to fast math optimizations, which apply techniques like
flush-to-zero to speed up computation by approximating small values [59) [72]].
After optimization, C,p, and Cfyyp, have identical instruction counts since Cfyp, s
Raw Kernel optimization matches that of C¥;,, [70]. However, CXL, ..’ Tp64
instruction count doubles due to the DSETP instruction, a double-precision comparison
identified by analyzing the SASS Assembly code. This comparison adds an extra

double-precision operation. Its comparison result affects subsequent calculations [59].

4.6.4 Evaluation of Power Usage

Figure illustrates the energy consumption per particle for Cpa» Clc\;/[upy, and
CXL .. under strong scaling conditions. In the non-optimized configurations (solid
lines), CX;pa demonstrates substantially lower energy consumption compared to both
Clupy and CY,,,» across any number of GPUs. For instance, with 10 GPUs, Cffyypy
uses 7.27 times less energy than Cé\;/[upy and 6.7 times less than Cy, ... Conversely,
in the optimized versions (dashed lines), Cé“upy becomes the most energy-efficient,

consuming 2.45 times less energy than C¥p, and 7.48 times less than CYL .. with 10
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Figure 4.10: Energy usage per particle as a function of the number of GPUs for CUDA C,
Namba, and CuPy implementations. Solid lines correspond to non-optimized versions,
while dashed lines represent optimized multi-CPU implementations for the 1D MCRT
application. The left figure displays outcomes for strong scaling, and the right figure
illustrates weak scaling outcomes.

GPUs.

Figure 4.10D] presents the weak scaling performance results. In the non-optimized
implementation (solid lines), when using 10 GPUs, C¥;p is considerably more efficient
than C,p, and CY,,,.» outperforming them by factors of 10.88 and 3.2, respectively.
Conversely, in the optimized version (dashed lines), Cg/[upy shows improved performance,
surpassing both C¥p, and CXL_ . by factors of 1.13 and 2.85, respectively, also with
10 GPUs.

In non-optimized code, the energy efficiency of C¥;p, surpasses that of Cglupy and
CY ba due to its efficient resource utilization. Cyl . not only consumes energy during
computation but also uses additional power while idling, as the GPU waits for the
PRNG state to be initialized on the host [72]. This idle time increases the overall energy
consumption. Clc\;/[upy demonstrates lower energy efficiency because of frequent memory
transfers of intermediate data throughout the computation process. Since data transfers
are among the most energy-intensive operations in GPU computing [198]],
this results in excessive power consumption.

In the optimized versions of the code, C(l\j“upy exhibits better energy efficiency
compared to both C3;p, and C¥L . . regardless of the number of GPUs used. This
advantage is attributed to the use of Raw Kernel implementation, which wraps CXpa

kernels, and applies the memory caching technique in CuPy by default [70]. On the
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other hand, C¥;,, does not enable memory block caching by default to offer more
flexibility in programming. This is the main reason why Cg[upy and C¥p, exhibits

different levels of energy efficiency.

4.7 Discussion

Our experimental results provide certain important details on how effectively Numba
and CuPy perform in multi-GPU configurations, especially when compared to CUDA
C, in a variety of test scenarios.

In the non-optimized version, CUDA C consistently performs better than CuPy and
Numba in all scaling tests, including strong and weak scaling, across both single- and
multi-CPU thread configurations. Additionally, CUDA C demonstrates higher energy
efficiency in every test scenario. This highlights CUDA C’s advanced development,
maturity, and reliability as a programming model.

After implementing optimizations such as fast math and block-thread
tuning configurations, CuPy outperforms both CUDA C and Numba in terms of
execution time and energy efficiency. To achieve these improvements, though, major
code modifications are needed, such as wrapping the CUDA C kernel inside the Raw
Kernel feature [70], which implies expertise in CUDA C programming.

CuPy demonstrates better speedups when transitioning from non-optimized to
optimized code (ranging from 11X to 55x), surpassing Numba and CUDA C in strong
and weak scaling tests. Although CuPy’s speedup decreases as the number of GPUs
increases, it still consistently outperforms Numba and CUDA, which maintain more
stable but lower speedups (between 1.5x and 2.5 x). The optimized CuPy version is
much faster than the non-optimized version. This is due to the non-optimized version
using simpler, high-level abstractions that make coding easier but reduce performance.
In the meantime, the optimized version uses advanced techniques that demand a higher
level of coding knowledge, which improves speed [183]]. In contrast, Numba and CUDA
C, which are more finely tuned for performance, show less dramatic improvements after

optimization, indicating they are already closer to optimal efficiency.
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The performance evaluation of different optimization factors revealed that the
improvements from block-thread tuning and fast math in strong scaling tests
are nearly the same for CUDA and CuPy. But in weak scaling scenarios, fast math
provides a larger advantage (62%), mostly because the kernels are compute-intensive.
On the other hand, Numba demonstrates a higher dependency on block-thread
tuning compared to fast math in both strong scaling (83%) and weak scaling
(75%). This is largely due to the expensive computational implementation of the PRNG
state initialization, which involves non-GPU operations [158]].

According to our findings, CuPy can be less practical due to the complexity of code
modification, even though it provides better performance with specific optimizations.
Numba, on the other hand, improves performance slightly, mostly because of the
expensive PRNG state initialization, but it does so without requiring major changes
to the code. Future research will focus on evaluating the performance of Numba and
CuPy in more sophisticated MC simulations and exploring the effects of different GPU

communication strategies.

4.8 Conclusion

We examine the performance of Numba and CuPy when solving the Monte Carlo
radiative transfer (MCRT) test case using multiple GPUs. Both strong scaling
(increasing GPU count while keeping the problem size fixed) and weak scaling (growing
the problem size proportionally with the number of GPUs) are investigated. Additionally,
we explore the effects of optimizations such as fast math and block-thread
configuration adjustments alongside with an assessment of energy consumption. We
tested our implementations in two modes: single-CPU thread, where one CPU thread
controls all GPUs, and multi-CPU thread, where each GPU is controlled by its own CPU
thread. With these configurations, we can assess energy efficiency and performance
differences across different scaling scenarios and optimization techniques.

We used up to ten GPUs in our studies on an Nvidia DGX-2 server. Our results

show that CUDA C consistently outperforms the Python-based alternatives and delivers
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the best energy efficiency in its default, non-optimized configuration. However, we
also found that CuPy can achieve substantial performance gains through optimizations,
surpassing CUDA C and Numba. These improvements, achieved through techniques
like fast math and block-thread tuning, considerably boost CuPy’s efficiency,
but they require extensive changes to the code, making it more complex. On the other
hand, Numba, like CUDA C, shows only small improvements with optimization, which
suggests that both are already well-tuned for performance and don’t need considerable

changes.
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Chapter 5

Conclusion

5.1 General Conclusions

This chapter highlights the main findings of the study that has been done thus far
and suggests future research directions. As discussed in the previous chapters, the
thesis has focused on efficient computational approaches for GPU-based Monte Carlo
radiation transport (MCRT) simulations. The findings have advanced our understanding

of optimizing the important aspects of these simulations for improved performance:

- Within Chapter 2} we deliver an exhaustive investigation concerning the efficiency
of various parallel pseudo-random number generators (PRNGs), specifically on Nvidia
GPU models, namely the RTX3090, GTX1080, RTX3080, and GTX1080Ti. Our
analysis examines a selection of five distinct PRNGs available in the cuRAND library,
including MRG32k3a, XORWOW, MTGP32, PHILOX4_32_10, and MT19937. These
PRNGs are utilized to produce sequences of uniformly distributed random numbers.
The acceptance-rejection (AR) technique is then used to transform these sequences
into non-uniform distributions. The work involves several implementation methods: a
single CPU core approach utilizing the AMD Ryzen Threadripper 3990X, a GPU-based
method with and without data movement between the device and host, and a CPU/GPU
hybrid approach where random numbers are generated on the device side and then
transferred to the CPU for further processing. Our performance evaluation examines
various configurations, comparing GPU device and host Application Programming
Interfaces (APIs). We analyzed in detail key PRNG parameters affecting execution
speed, memory usage, and efficiency. Additionally, we determined the optimal GPU

occupancy value for each PRNG across a wide range of generated random numbers to
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achieve maximum performance. We also measured memory consumption for PRNG
implementations in both host and device APIs, providing insights into their resource
usage and efficiency. Overall, this study identifies the main factors affecting PRNG
performance on modern GPU architectures and offers useful guidance for optimizing
performance, especially in Monte Carlo (MC) applications;

- Chapter [3| provides a comprehensive comparison of the performance of two widely
used Python-based programming frameworks, Numba and CuPy, in the scope of
MCRT simulations, alongside a reference implementation in CUDA C. The study
focuses on two distinct test cases: a memory-intensive task of generating and storing
random numbers, and a computationally demanding one-dimensional (1D) MCRT
problem. These test scenarios were chosen to reflect typical MCRT simulation problems,
providing a thorough assessment of the frameworks’ advantages and disadvantages.
Three distinct Nvidia GPUs—the Tesla A100, Tesla V100, and GeForce RTX3080—are
used in this investigation. Each GPU has its own performance and architecture
features, offering different conditions for testing platforms on various hardware. The
performance of CuPy and Numba in these test cases was systematically assessed in
this study, with an emphasis on important metrics such as computational efficiency
and execution time. Additionally, we investigated the impact of single and double
precisions on the performance of each platform. This research is particularly relevant to
scientific computing, where accuracy and simulation performance can be considerably
affected by precision. In addition to performance, one of the most important aspects
of our evaluation was energy usage. In order to determine each framework’s energy
efficiency, we monitored power usage across the test scenarios. This is an important
consideration in large-scale simulations, where optimizing energy consumption can
lead to cost savings and environmental benefits. Furthermore, we compared the various
Nvidia GPUs to investigate how their memory bandwidth, computing capability, and
architecture affect the simulation outcomes. This gave us information about the best
hardware options for GPU-accelerated MCRT simulations and allowed us determine
how specific features of each GPU affect performance differences. The primary goal of

this research is to provide a clear understanding of the relative strengths and limitations
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of CUDA C, Numba, and CuPy in the context of MCRT simulations. This study provides
valuable insights for researchers to optimize GPU-accelerated MC simulations by
examining the trade-offs in performance, energy efficiency, and development simplicity,
helping them choose the best platform based on the simulation’s needs, available
hardware, and desired balance between speed and energy efficiency;

- Chapter [ provides a detailed evaluation of the performance of CUDA C, Numba,
and CuPy in solving the MCRT test case across multiple GPUs, using up to 10 GPUs
on an Nvidia DGX-2 system. Two implementation modes are assessed: single-CPU
thread, where one CPU controls all GPUs, and multi-CPU thread, where each GPU is
managed by its own CPU thread. The evaluation covers strong scaling (fixed problem
size with increasing GPUs) and weak scaling (problem size grows with GPU count)
to understand each platform’s efficiency in handling larger workloads. The chapter
also examines optimization methods such as block-thread adjustments and fast
math operations, comparing the power consumption and performance of optimized and
non-optimized implementations. A detailed analysis of instruction counts is included
to gain insights into each platform’s execution behavior and computational efficiency.
This comprehensive analysis highlights the impact of optimizations on performance
and energy efficiency, providing valuable guidance for researchers looking to optimize
GPU-based MCRT simulations, while identifying the trade-offs between scalability,
efficiency, and energy consumption.

In conclusion, these works contribute to efficient computational approaches for
GPU-accelerated MCRT simulations and parallel PRNG on modern Nvidia GPUs.
By evaluating multiple PRNGs and programming frameworks such as CuPy, Numba,
and CUDA C, the research identifies key factors influencing computational speed,
memory usage, and efficiency. It also explores the effects of various optimization
techniques, precision levels, and hardware architectures on performance and energy
consumption. A review of contemporary software implementations for real-life radiation
transport problems shows that although GPU support is increasingly being adopted,
many existing tools remain partially accelerated or are still reliant on CPU-based

execution. This study can directly impact such efforts by offering tested methodologies
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and performance insights that help optimize GPU usage, inform architectural choices,
and guide future development. The findings offer valuable guidance for researchers
to make informed decisions when selecting platforms, hardware, and optimization
strategies, supporting the development of more efficient and scalable simulations with a
focus on balancing performance, energy efficiency, and ease of implementation. The
findings offer valuable guidance for researchers to make informed decisions when
selecting platforms, hardware, and optimization strategies, supporting the development
of more efficient and scalable simulations with a focus on balancing performance,

energy efficiency, and ease of implementation.

5.2 Limitations, Future Work, and Perspectives

One of the main limitations in this research has been sharing computing resources,
such as the Nvidia DGX-2, DGX-A100, and other servers, with many other researchers
within the university. Due to their high demand, these resources frequently become
overloaded, resulting in a long wait time. Since most of our research time activities
(~ 70-80%) involve running simulations, performance evaluations, debugging, and
profiling various application codes, the limited access to these resources has slowed
down our progress.

As a future work, we plan to extend our research by analyzing more complex
MCRT codes in 2D and 3D, incorporating complicated geometries to better simulate
real-world applications. We will also evaluate additional programming platforms
such as OpenCL, HIP, SYCL, Vulkan, OneAPI, and others to widen our research and
find other effective solutions for GPU-based computations. Furthermore, we aim to
integrate Artificial Intelligence and Machine Learning techniques into MCRT problems
to enhance performance optimization and predictive modeling. Also, we intend to
provide a software tool in near future that will assist researchers in choosing the best
block and thread configurations for particular GPU cards and PRNG types, providing
optimal performance for their applications.

As active members of the CuPy and Numba communities, we have contributed to
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improving these platforms by addressing performance issues, especially with PRNGs.
Some of our suggestions have been successfully implemented, leading to better
performance. We are committed to continuing our contributions to these communities
in order to increase their effectiveness and relevance for a wider variety of applications.
Additionally, we are planning to support the NU community by establishing a small
computational facility to assist researchers in using GPU computing for their work.
Many universities have dedicated the whole department for this purpose, and we,
from our side, hope to create a similar resource to advance research and GPU-based

computing at our institution.
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Appendix A

1D Monte Carlo Radiation
Transport in Purely Absorbing
Medium

A.1 Introduction

Our research mainly focuses on neutron transport, especially its computational modeling
and analysis. This appendix provides detailed derivations of important equations and
explains how they are applied to the Monte Carlo method, a key tool in our studies.
The full analytical balance equation for neutrons, known as the neutron transport
equation, describes how neutrons behave within a nuclear system. This equation
considers various processes that affect neutrons, such as their production, absorption,
scattering, and leakage from the system. It provides a comprehensive framework for
understanding and predicting the movement and interactions of neutrons in different

environments. The equation can be expressed as:

1 oY(r,Q, E,t)
v(r,Q, F) ot

+Q-V(r,Q, E t) + Zy(r, E)Y(r, Q, Et)

_ /OO/ So(r, B — B, — Q(r, Y, E' ) dE' dSY
0 47

E 00
X )/ yzf(r,E’)/ G, B 1) dQ dE
4 Jo Ar

+ S(r,Q, E,t)

(A.1)
+

where:
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* (1, €, E,t): Neutron angular flux at position r, direction €, energy F, and time

t;
* v(r, €2, F): Neutron speed at position r, direction (2, and energy F;
* (1, £): Total macroscopic cross-section at position r and energy £
o Yi(r, B — E,Q — Q): Differential scattering cross-section;
* Y(r, E): Fission macroscopic cross-section;
* v: Average number of neutrons produced per fission;
* x(£): Neutron spectrum from fission;
e S(r,Q, £, t): External source term.

Solving this neutron transport equation analytically is impossible due to seven
independent variables: three for position, two for direction, one for time, and one
for energy. These make the equation complex. Since an exact solution is impossible,
scientists use numerical methods and make certain approximations to simplify the

equation.

A.2 Derivation

Based on equation [A.T| we need to derive a one-dimensional balance equation for
neutrons going through a purely absorbing medium. Also, we assume that our problem
is in a steady state and moves only in one direction, i.e., perpendicular to the medium
side, as shown in Figure[A.T]

We make several assumptions to simplify our transport equation in a purely absorbing

medium. Particularly, we assume:

* One-dimensional geometry: The spatial dependence is only in one direction, so

r=ux;
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ET=ZA

Wi

X

X x+Ax

Figure A.1: Neutrons traveling through a purely absorbing medium entering it in a
perpendicular direction.

* Pure absorption: There is no scattering and fission, so the scattering cross

section X, = 0 and the fission term are absent;

* Single energy state: We only consider neutrons with a single energy, so the

energy dependence can be dropped;

* Single direction: All neutrons travel in the same direction, so angular dependence

is simplified, and we assume a single direction of travel {2 = 1;
* Time-independent: No time dependency in our transport equation.

Applying these assumptions our initial neutron transport equation [A. 1] simplifies to

the following:

Q- Vi(x) +Z(x) =0 (A.2)

In 1-D geometry and with the assumption that 2 = 1 (i.e., neutrons are moving in
the positive x-direction), this becomes:
dyp(x)

L5 Sp(x) = 0 (A3)

However, we need to deal with scalar flux rather than angular flux for Monte Carlo

simulations. We must integrate angular flux over all its directions to convert it into
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scalar flux. Since we are using only one direction in our experiments therefore, the

equation for the scalar flux ¢(x) becomes the same as for the angular flux:

do(x)
dx

This is the first-order differential equation, and the solution for it is the following:

+20(x) =0 (A4)

Firstly, let’s rearrange our equation:

do(x)
= —Ydx (A.S5)
o)
Then, integrate both sides:
no(x) = -Sx+C (A.6)

Further, by exponentiating both sides, we get:

P(x) = e FC = X (A7)

Let ¢y = € be the scalar flux at z = 0. Hence, the scalar neutron flux ¢(z) is equal

to:

$(x) = goe ™ (A.8)

We have simplified the neutron transport equation to a form that can be solved
analytically. However, to apply the MC method, we need to convert this differential
equation into a counting algorithm. By sampling random numbers, we can then solve
this test problem. The MC method is particularly well-suited for neutron transport
simulations, as it allows us to track the path of each particle and count the number of
particles that undergo specific events.

From Figure [A. 1] we can see that it’s possible to count how many particles enter,
leave, or get absorbed inside the medium. However, this doesn’t inform us how the flux
(particle distribution) behaves inside this medium. To understand what happens within
the medium, we must break it into smaller "cells’ as depicted in Figure[A.2] This allows

us to gather detailed information about the flux within each cell.
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W

X

x=0 x=1 x=2 x=3 x=4 x=N

Figure A.2: Neutrons traveling through a purely absorbing medium divided into small

cells.
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Figure A.3: Flowchart of the MC algorithm for neutron transport in a multi-cell medium.
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Now, we can count the number of reactions and estimate flux in each cell. This makes
a histogram showing how the flux is distributed inside the medium. It’s important to
note that dividing the medium into more cells will give a more accurate flux estimation.
With this background information, let us define a step-by-step process for using the
MC method to simulate particle transport in the multi-cell medium (see Figure [A.3] for

flowchart of the MC algorithm).
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Appendix B

Source Code

B.1 Code Implementations

The source codes developed for this thesis work are available in the following GitHub
repository: https://github.com/tairaskar/](https://github.com/tairaskar/. This repository
contains all the key implementations and scripts we used in this research work. It
is a resource for anyone interested in reviewing, replicating, or extending the work

presented in this thesis.
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Appendix C

Implementation Guidelines for
GPU-Based Radiation

Transport Simulations

To support users in improving the efficacy of GPU-based radiation transport simulations,
we have summarized our key findings in the form of a comparative Table [C.1] in
this appendix. The table provides practical implementation guidelines across CUDA
C, Numba, and CuPy, covering aspects such as performance, scalability, memory
management, PRNG handling, optimization gains, and energy efficiency. These insights
are drawn from systematic testing across multiple scenarios and platforms.

The optimizations evaluated in this work—namely, block-thread configuration
tuning and fast math approximations—are particularly valuable for extending
performance gains to full 3D physically motivated radiation transfer problems. In such
simulations, computational and memory demands grow significantly due to increased
spatial complexity and particle interactions. Block-thread tuning helps maximize
GPU occupancy and efficiency, especially in large-scale 3D domains, while fast
math reduces the overhead of complex mathematical functions commonly used in
radiation transport, where applicable, without substantially affecting accuracy. These
optimizations collectively contribute to faster execution, better scalability, and lower
energy consumption. These results give developers and researchers practical strategies

to build more efficient, scalable, and portable 3D GPU-based MCRT codes.
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Table C.1: Implementation guidelines based on comparative GPU evaluation of CUDA C, Numba, and CuPy.

Aspect CUDA C Numba CuPy Guideline / Insight
Baseline Performance High; efficient in | Comparable to | Lower, due to in-| Use CUDA C for best default performance; Numba is
both  PRNG and | CUDA C in MCRT | termediate  results | effective when GPU computations involve minimal global
MCRT simulations with minimal global | stored in global | memory access. CuPy is slow, however, it offers ease of
memory access memory code development.
Multi-GPU Scalability Scales well across | Declines due to CPU- | Moderate; limited by | Prefer CUDA C for multi-GPU scaling; optimize Numba
multiple GPUs side PRNG initializa- | excessive data move- | to reduce CPU-side initialization overhead.
tion overhead ment
Ease of Use Requires low-level | Pythonic and JIT- | High-level, user- | Use Numba/CuPy for rapid development; CUDA C for fast
programming exper- | compiled; easy to de- | friendly API and efficient high-performance applications.
tise velop code
Memory Management Manual but efficient | Automatic, less tun- | Includes default | CuPy benefits from memory pooling; optimize memory

control

able

memory pooling

reuse across frameworks.

PRNG Handling

GPU-native cuRAND
library

CPU-side PRNG ini-
tialization introduces
overhead

CURAND library with
abstraction overhead

Redesign PRNG in Numba for better performance (hard to
implement); CUDA C is most efficient.

Optimization Gains

Small; already
well-tuned for perfor-
mance

Modest; limited by
CPU-side PRNG ini-
tialization

Substantial with Raw
kernels and mem-
ory pooling

Focus optimization effort on CuPy; others benefit less from
tuning.

Fast Math Impact Effective for | Less effective due to | Useful when com- | Apply selectively in compute-intensive tasks to maintain
compute-heavy CPU-side PRNG bot- | bined with Raw | accuracy; less effective in Numba.
kernels tlenecks kernels
Block-Thread Tuning Effective and flexible | Highly impactful due | Needed but requires | Critical for Numba; CuPy needs custom kernels.
to Global Interpreter | Raw kernel cus-
Lock (GIL) tomization
Energy Efficiency Best overall in de- | Improves with tun- | Substantially  im- | CuPy can match CUDA C efficiency with optimization.
fault and optimized | ing, remains higher | proves after opti-
versions mization
Code Modification Effort Low (small changes | Low (small changes | High with applying | Consider effort vs. performance when choosing frame-

required)

required)

of Raw kernels

work.

Recommended Use Case

Large-scale, high-
performance-critical
applications

Moderate problems
with minimal mem-
ory transfer

Small to moderate
workloads prioritiz-
ing ease of use

Choose based on balance between scalability, performance,
and usability.
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