Gapbarova — Karelkhan - Jurik COMPARISON OF EXECUTION TIMES IN SERIAL AND
PARALLEL PROCESSING OF THE MONTE CARLO
METHOD

DOI: 10.5281/zenodo.15553732

COMPARISON OF EXECUTION TIMES IN SERIAL AND
PARALLEL PROCESSING OF THE MONTE CARLO METHOD

Perizat Gapbarova®, Nursaule Karelkhan’, Pavol Jurik®

Abstract

Integrating parallel computing in numerical methods represents a significant advancement in
computational science and engineering, enabling substantial performance enhancements. This
study examines the efficiency of parallel computing across various numerical applications,
including Monte Carlo integration for m approximation, finite element methods for thermal
conductivity, parallel merge sorting, molecular dynamics simulations, and linear systems such
as Gauss-Seidel and Jacobi methods. The Monte Carlo method, originating from the 1940s, has
undergone a fundamental transformation through the use of parallel computing, enabling the
efficient processing of large datasets and complex simulations. This paper details the historical
context, applications, and performance benefits of parallel computing in enhancing the Monte
Carlo method. Critical applications include high-energy physics, financial modelling,
healthcare imaging, environmental modelling, and realistic rendering in computer graphics. The
study demonstrates the superior computational efficiency achieved through parallel processing,
as evidenced by experiments that include parallel and sequential Monte Carlo simulations for
7 estimation. The results indicate that parallel computing accelerates processing times and
maintains high accuracy and reliability in computational outcomes. The findings highlight the
crucial role of parallel computing in addressing the growing complexity of scientific and
engineering problems, enabling real-time data analysis, and supporting high-performance
computing tasks. Future research will focus on optimizing parallel algorithms for cloud-based
environments and specialized hardware, thereby enhancing the scalability and effectiveness of
computational methods across various domains.
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1 Introduction: Parallel Computing in Numerical Methods

Studying performance enhancements through parallel computing in numerical methods
is crucial in modern computational science and engineering (Bobreneva et al., 2023). This
approach efficiently utilises multi-core processors, significantly speeding up the resolution of
complex computational tasks. Examples of applications include:
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e Numerical integration problems, such as approximating m using the Monte Carlo
method.

Finite element methods for experimental thermal conductivity.

Advanced sorting algorithms like parallel merge sorting.

Molecular dynamics simulations.

Linear model systems like the Gauss-Seidel and Jacobi methods.

1.1 Historical Context and Development of the Monte Carlo Method

The Monte Carlo method, named after the famous Monaco casino due to its reliance on
randomness, was developed in the 1940s. Early concepts date back to the 18th and 19th
centuries, with pioneering work by mathematicians such as Buffon and advancements in
probability theory. During World War 11, scientists, including John von Neumann and Stanislav
Ulam, enhanced the method at Los Alamos for complex physical simulations. Following the
war, its application expanded across various fields, benefiting from the growth in computing
technology.

1.2 Applications in Modern Computing

Parallel Computing Enhancements

Integrating parallel computing techniques has significantly enhanced the Monte Carlo
method. This synergy enables the effective utilization of multi-core processors, which can
perform multiple calculations simultaneously, thereby considerably reducing computation
times for complex models. This is particularly vital in scenarios where large numbers of random
samples must be processed quickly to simulate probabilities and outcomes (Kropachev et al.,
2020).

Scientific Research

In fields like particle physics and materials science, the Monte Carlo method models
complex interactions within analytically intractable systems. For example, high-energy physics
helps simulate particle collisions that occur in particle accelerators, providing insights into the
fundamental components of matter. Parallel computing enables these simulations to run in a
fraction of the time initially required, facilitating more extensive and detailed studies that were
previously infeasible due to computational limitations (Sokolinsky, 2021).

Finance and Economics

The financial sector employs the Monte Carlo method to assess risk and uncertainty in
market dynamics and to price complex derivatives. By simulating thousands of potential future
market scenarios, traders can more accurately predict the likelihood of different outcomes.
Parallel computing accelerates these simulations, enabling real-time decision-making in fast-
paced financial environments. This capacity is crucial for developing high-frequency trading
algorithms that adapt to rapidly changing market conditions.

Healthcare and Medicine

The Monte Carlo method is used in healthcare for imaging and radiation therapy planning,
particularly in cancer treatment. It simulates the interaction of radiation with human tissues to
optimise the dosing levels and minimise exposure to healthy tissues. Using parallel computing
in these simulations allows for more precise and personalised treatment plans to be developed
quickly, improving patient outcomes.
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Environmental Science

Environmental scientists use the Monte Carlo method to model complex ecological
systems and predict the impact of climate change on these systems. This includes simulations
of weather patterns, pollution dispersion, and ecosystem responses to various environmental
stressors. Parallel computing enables processing extensive ecological data sets, such as satellite
imagery and ground sensor data, to model these systems at a much larger scale and with greater
accuracy (Yazovtseva et al., 2023).

Graphics and Visual Effects

In computer graphics, particularly for movie and video game production, the Monte Carlo
method renders scenes realistically by simulating the random paths of light rays. This process,
known as ray tracing, produces images with sophisticated lighting effects, such as reflections,
refractions, and shadows. Parallel computing dramatically speeds up rendering times, making
it practical to use Monte Carlo methods for this purpose in a production environment.

Challenges and Future Directions

While the applications of the Monte Carlo method in parallel computing environments
are extensive, challenges remain, particularly regarding algorithm efficiency and the
management of computational resources. Future developments are likely to focus on optimizing
these algorithms for cloud-based environments and specialized hardware, such as GPUs, which
offer massive parallelism capabilities. Additionally, improvements in machine learning
algorithms may also help refine the setup of simulations to yield faster and more accurate results
(Sokolinsky & Sokolinskaya, 2023).

2 Experiment Setup

We set up the simulation within a unit square with an inscribed quarter circle, where the
area of the quarter circle represents /4. Points were randomly distributed across the square,
and we calculated the ratio of points that fell inside the quarter circle to estimate n. The Monte
Carlo simulations were run using the following code in C++:

for (long long i = 0; i < numSamples; ++i) {
double x = distribution (generator);
double y = distribution (generator);

if (x * x + vy * vy <=1.0) {
partialSum += 1.0;
}
}

totalSum += partialSum;

39



Gapbarova — Karelkhan - Jurik COMPARISON OF EXECUTION TIMES IN SERIAL AND
PARALLEL PROCESSING OF THE MONTE CARLO
METHOD

Fig 1: The first attempt to run the Monte Carlo method in C++
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Sequential result: 3.14171
Parallel result: 3.14148

2.1 Detailed Overview of Parallel and Sequential Monte Carlo Simulations for n
Estimation

In parallel computing, the Monte Carlo integration function is employed across multiple
threads, each operating on a subset of the total number of samples (NumSamples). This division
enhances computational efficiency by leveraging multicore processor architectures. Each
thread executes an independent simulation, accumulating a partial sum of points that fall within
a predefined quarter circle. These partial sums are then atomically integrated into a total sum
to prevent race conditions—a critical consideration when multiple threads concurrently access
and modify the same memory location.

The atomic operations ensure that updates to the shared memory (total sum) are
completed without interference among threads, thereby maintaining data integrity and
consistency across the concurrent processes. Upon completion of all parallel computations, the
threads are synchronised using the join() function, ensuring that all parallel processes have
concluded before proceeding to aggregate the results:

for (int 1 = 0; 1 < NumThreads; ++i) {
threads.emplace back (monteCarloIntegration, NumSamples /
NumThreads) ;

}
for (std::thread& t : threads) {
t.join();
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}
double estimatedPi = 4.0 * totalSum /
static cast<double> (NumSamples) ;
std::cout << " Parallel result: " << estimatedPi << std::endl;

Following the parallel computation, a sequential version of the Monte Carlo Integration
function is executed as a single-threaded process to provide a baseline for comparison. This
sequential execution simulates the entire set of samples cumulatively, thereby contrasting the
performance and output against the parallel approach:

totalSum = 0.0; // Resetting totalSum for sequential computation
monteCarloIntegration (NumSamples); // Sequential execution

double sequentialPi = 4.0 * totalSum /
static cast<double> (NumSamples) ;
std::cout << " Sequential result: " << sequentialPi << std::endl;

Mathematically, the estimation of @ in both the parallel and sequential scenarios is
calculated using the formula:
Total

~4 X ——
& NumSamples

Fig 2: The second attempt to run the Monte Carlo method in C++
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Sequential result: 3.14196
Parallel result: 3.14162
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To validate the consistency and reliability of our computational models, parallel and
sequential simulations were executed 1,000 times. This repetitive testing helps assess the
variability and accuracy of the results across multiple runs. Statistical analysis of these runs can
provide insights into the stability of the Monte Carlo method under different computational
conditions and help identify any potential anomalies or deviations in the expected outcomes.

The repeated execution of these simulations underscores the robustness of the parallel
processing approach, particularly in its ability to effectively utilize increased computational
resources. The aggregate data from these 1,000 trials were analysed to determine the average,
variance, and standard deviation of the estimated values of 7, offering a comprehensive view
of the performance metrics associated with each method.

This extensive testing regime demonstrates that while parallel computing generally yields
faster processing times due to distributed workload among multiple cores, the precision and
accuracy of computational results remain consistent with those obtained via traditional
sequential processing. Such findings are crucial for computational sciences, where speed and
data integrity are paramount.

3 Conclusion

Studying performance enhancements through parallel computing in numerical methods
is pivotal for advancing computational processes across scientific and engineering disciplines
(Koledin et al., 2023). By significantly accelerating the execution speed of tasks, parallel
computing enhances efficiency and enables handling complex problems that were once
constrained by the limitations of single-threaded processing. This shift is crucial for processing
vast datasets and executing high-performance computing tasks, thereby making substantial
contributions to fields requiring real-time data analysis and complex algorithmic computations.

Parallel computing optimizes the use of advanced hardware resources, including
multicore processors and specialized devices like GPUs, facilitating faster and more reliable
execution of complex simulations and analyses. However, developing and optimising parallel
algorithms requires a deep understanding of parallel programming and computer architecture.
Effective memory access management and the prevention of race conditions are essential to
maintaining accuracy and reliability in results (Zymbler & Kraeva, 2023).

As we move deeper into the era of big data and artificial intelligence, the demands for
increased computing power and faster data processing are growing exponentially. Integrating
parallel computing techniques into numerical methods enhances existing capabilities and opens
new horizons in research and development. It empowers scientists and engineers to tackle more
intricate tasks efficiently, paving the way for innovative solutions in an increasingly data-driven
world.

In conclusion, as the complexity of scientific challenges increases, so does the necessity
for advanced computing strategies. Parallel computing stands at the forefront of this evolution,
offering promising solutions to enhance computational capacity and address the pressing needs
of modern-day scientific inquiries and technological advancements.
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