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Abstract
This paper introduces a novel algorithm aimed at enhancing the computational
performance of Monte Carlo codes: A Dynamic Adaptive Load Balancing Algo-
rithm for Monte Carlo Codes (DALB-MC algorithm). With the widespread use
of multicore processors, some Monte Carlo codes have been adapted to leverage
both local thread parallelism and global parallelism through message passing
between nodes, enabling concurrent execution of independent tasks and effi-
cient merging of results. However, as shielding engineering problems increase in
complexity and computational environments become more heterogeneous, tra-
ditional parallel computing algorithms face limitations in handling Monte Carlo
simulations, particularly in adapting to diverse hardware resources. The pro-
posed DALB-MC algorithm addresses these challenges by dynamically partition-
ing tasks into multiple sub-tasks and allocating them in real-time based on the
computational capacity of each node, thereby optimizing resource utilization
and reducing overall simulation time. In this study, we implement the DALB-
MC algorithm on MCShield and demonstrate the correctness and effectiveness
of the algorithm in improving the performance of the Monte Carlo code through
custom-designed test cases. The experimental results show that, compared with
the original algorithm, the DALB-MC algorithm achieves approximately a 20%
reduction in computation time in massively parallel computation and signifi-
cantly improves the overall efficiency of the program. In addition, a Linux
supercomputing platform is used to test a complex benchmark case to further
verify the optimization effect of the DALB-MC algorithm at the computational
scale of real engineering applications.
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Abstract: This paper introduces a novel algorithm aimed at enhancing the
computational performance of Monte Carlo codes: the Dynamic Adaptive Load
Balancing Algorithm for Monte Carlo Codes (DALB-MC). With the widespread
use of multicore processors, some Monte Carlo codes have been adapted to
leverage both local thread parallelism and global parallelism through message
passing between nodes, enabling concurrent execution of independent tasks and
efficient merging of results. However, as shielding engineering problems increase
in complexity and computational environments become more heterogeneous, tra-
ditional parallel computing algorithms face limitations in handling Monte Carlo
simulations, particularly in adapting to diverse hardware resources. The pro-
posed DALB-MC algorithm addresses these challenges by dynamically partition-
ing tasks into multiple sub-tasks and allocating them in real-time based on the
computational capacity of each node, thereby optimizing resource utilization
and reducing overall simulation time. In this study, we implement the DALB-
MC algorithm in MCShield and demonstrate its correctness and effectiveness in
improving Monte Carlo code performance through custom benchmark examples.

The experimental results show that, compared with the original algorithm, the
DALB-MC algorithm achieves approximately 20% computational time accel-
eration in massively parallel computations and significantly improves overall
program efficiency. Additionally, a Linux supercomputing platform is used to
test a complex benchmark case to further verify the optimization effect of the
DALB-MC algorithm at the computational scale of real engineering applica-
tions.

Keywords: Monte Carlo simulation, Parallel computing efficiency, Load bal-
ancing algorithm, MCShield, Multicore processors

*Corresponding author (Email: wuzhen97@tsinghua.org.cn)

chinarxiv.org/items/chinaxiv-202412.00184 Machine Translation

https://chinarxiv.org/items/chinaxiv-202412.00184


1 Introduction
With the advent of multicore processors in the 2000s, some Monte Carlo codes
were adapted to utilize threaded parallelism through MPI, OpenMP1, or vendor-
specific pragmas, marking a significant milestone in Monte Carlo code develop-
ment2. Monte Carlo parallel computing combines local parallelism using thread-
ing on multicore processors with global parallelism through message-passing
between nodes, allowing independent jobs to run concurrently and results to
be combined3. Current high-performance computing systems support up to
96 cores per node (AMD EPYC 9654 processor), with future developments ex-
pected to increase the number of cores and threads per node. To maximize
the capabilities of today’s large-scale high-performance computing systems, nu-
merous Monte Carlo codes are being developed to fully leverage modern archi-
tectures. Codes such as Geant11, MCNP12, OpenMC13, FLUKA14, KENO15,
EGS16, and Serpent17, among others, are newer and more readily adapted to
large-scale applications. Among them, MCShield18, developed by the Radiation
Protection and Environmental Protection Laboratory at Tsinghua University, is
a large-scale Monte Carlo program specifically designed for radiation shielding
calculations involving coupled neutron, photon, and electron transport, tailored
to meet diverse shielding challenges.

The Monte Carlo parallel computation process usually follows the Master-Slave
Model23: after completing the definition of source terms, geometry, and phys-
ical processes, the master process accepts user-defined parameters, creates a
specified number of slave processes, and assigns computational tasks during the
initialization phase. A seed sequence of random numbers is created prior to
task assignment to ensure simulation independence between different slave pro-
cesses, which is sent by the master process to each slave process as part of the
initialization data. Efficient resource scheduling and utilization can be achieved
by developing load balancing algorithms.

The concept of ‘load balancing’was first proposed by Shiny et al.4 to increase
resource utilization and reduce the failure rate of data center nodes in cloud
computing problems. Following this development, load balancing algorithms
can be mainly classified into two types: static load balancing and dynamic load
balancing. Static load balancing algorithms, such as Weighted Round Robin5,
allocate system load on a one-time basis according to a priori knowledge of
the static system state, attributes, and capabilities, including information such
as memory, storage capacity, and processing power. Such algorithms do not
account for load changes at runtime6. Dynamic load balancing algorithms, like
Adaptive Loading Balance10, differ from static ones in that they are designed
for dynamic environments, taking into account the previous state of the system
and flexibly adjusting the load of each node during computation. This increases
computational overhead and complexity compared to static algorithms due to
the need for additional storage of the system’s previous state6,7.

As the nuclear industry continues to expand, shielding calculation problems are
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becoming increasingly complex. Large-scale Monte Carlo codes involve track-
ing vast numbers of particles, and heterogeneity of computational resources in-
troduces significant challenges to parallel computing performance. Traditional
static load-balancing methods commonly employed in Monte Carlo codes are
beginning to reveal their limitations. High-performance computing nodes typi-
cally require thousands of threads to process data in parallel. However, in recent
years, Monte Carlo simulations often run on hardware with varying specifica-
tions, including CPU speeds, core counts, available memory, disk I/O capacity,
and network bandwidth. These differences can lead to inefficiencies, as compu-
tational performance tends to degrade when the number of threads increases.
To maintain efficiency, effective load balancing must account for these hard-
ware disparities, ensuring that less capable nodes are not overloaded while fully
leveraging the capabilities of more powerful ones.

In parallel computing, optimizing the use of computational resources to enhance
the performance of Monte Carlo codes is essential. These challenges not only
hinder overall system performance but also restrict the applicability of parallel
computing in large-scale radiation shielding scenarios.

This paper introduces a Dynamic Adaptive Load Balancing algorithm for Monte
Carlo codes (DALB-MC), which is implemented for the first time in a Monte
Carlo code, utilizing MCShield as the platform for this innovative technology.

2.1 The Parallelization Framework of MCShield
The parallel functionality of MCShield relies on the Message Passing Interface
(MPI), a standard communication protocol and library designed to facilitate
communication and collaboration among multiple processes in a parallel com-
puting environment. Various open-source implementations of the MPI standard
exist, including Open MPI19,20 and MPICH21,22, among others. MCShield em-
ploys the MPI Master-Slave model. The master process is responsible for assign-
ing tasks to slave processes, which execute the tasks independently and return
results to the master upon completion. The master handles task distribution,
result collection, and overall control logic, while slave processes focus on specific
computational tasks assigned to them. As illustrated in [FIGURE:2.1], each
particle event is simulated by slave processes, with the master process guid-
ing and managing the simulation. Using MPI messaging functions, each slave
process receives initialization data from the master process to commence com-
putation. To optimize memory usage, geometry and physics tables are shared
among slave processes, whereas particle tracking and stepping processes remain
private to each individual slave process. Once slave processes complete their
assigned tasks, they utilize message-passing functions to send results back to
the master process, which then consolidates and outputs the final results.

Figure 2.1 The Parallelization Framework of MCShield
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2.2 The Dynamic Adaptive Load Balancing Algorithm for
MCShield
This paper addresses the issues of wasted performance and inefficient paral-
lelism in massively parallel particle transport simulations by proposing a Dy-
namic Adaptive Load Balancing algorithm for Monte Carlo codes (DALB-MC).
Unlike static load balancing algorithms, which allocate computational tasks in
a single step, the DALB-MC algorithm divides the task into multiple discrete
subtasks based on a small initial quota. At the start of the simulation, subtasks
are distributed from the master process to each slave process. Each process com-
pletes its assigned subtasks and then requests new ones until all are executed.
Each subtask maintains an equal number of simulated particles, allowing users
to define the particle count per subtask based on the total number of particles
and the number of parallel cores, typically set to 1000 particles per subtask.

The comparison schematic illustrating performance before and after implement-
ing the DALB-MC algorithm is shown in Figure 2.2. As depicted, without the
DALB-MC algorithm, when a process (worker) experiences prolonged simulation
times—often due to lengthy particle histories or weaker CPU power on certain
nodes—many other processes may complete their tasks and become idle. This
results in significant CPU resource wastage and extends total simulation time
due to a few lagging processes. In contrast, the DALB-MC algorithm enhances
efficiency by allowing each slave process to request a new subtask immediately
upon completing its current subtask. This means that, despite variations in
execution speed among processes, none enter an idle state during the simula-
tion. Faster processes execute more subtasks, while slower ones execute fewer,
ensuring that all available computational resources are utilized effectively. This
new algorithm significantly improves resource utilization and parallel efficiency,
ultimately reducing total simulation time.

Figure 2.2 Schematic Illustration of Performance Metrics Before and
After DALB-MC Algorithm Implementation
Left: Static load balancing algorithm; Right: DALB-MC algorithm

The framework of the DALB-MC algorithm includes MPI initialization, branch-
ing of the master-slave logic, and MPI termination. The flowchart of the DALB-
MC algorithm is shown in Figure 2.3, where the main steps are as follows:

(1) Initialization of master and slave processes
Before parallel computation begins, the program first initializes or updates
private variables for the master process and all slave processes (workers).
The master process must record information such as the total number of
particles, the number of subtasks, the number of particles per subtask, the
number of completed subtasks, the number of particles simulated, master
process ID, the number of available slave processes, and the number of ter-
minated processes. Meanwhile, each slave process tracks information such
as number of particles simulated, number of tasks completed, particles in
the current task, and work status (0: awaiting task assignment, 1: task in
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progress, 2: all tasks completed).

(2) Initial task assignment
When parallel computation starts, the master process assigns the first task
to itself and all slave processes, which then enter a working state upon
receiving their initial tasks. Task allocation and reception is facilitated
by a message-passing interface, which handles transmission of information
such as particle counts and process states, allowing the master process to
communicate effectively with each slave process.

(3) Task computation
Once each process has received its initial task, it begins computing its
respective subtasks. After the master process completes its first subtask,
it enters a listening mode and monitors the number of tasks completed,
the particle count, and the status of each slave process. As each worker
completes its current task, the master process assesses overall task com-
pletion status and either assigns a new task or terminates that worker’s
tasks. After completing its current task, each slave process notifies the
master process and requests the next task. This loop continues until all
subtasks are completed and slave processes are terminated.

(4) Completion of parallel computation
When all subtasks have been completed and all slave processes have ter-
minated, the simulation task is complete. Each slave process updates its
task statistics, and the master process consolidates results from all work-
ers, updating parameters such as the total number of particles simulated
(NPS). The master process then determines whether another simulation
phase is required. When all particles have been fully simulated, parallel
computation ends and the program proceeds to the result output phase
and subsequent steps.

In this study, the DALB-MC algorithm is implemented in the simulation control
class within MCShield. Interfaces related to MPI parallel management and
task distribution are encapsulated within a parallel management class, which
provides several functions to support parallel management and task distribution
functionalities following the above task allocation logic.

Figure 2.3 Flowchart of DALB-MC Algorithm Applied to MCShield

2.3.1 Simplified Reactor Shielding Model
The correctness and effectiveness of the DALB-MC algorithm are tested using
a self-defined simplified model on small-scale Windows clusters. The geometry
of the test case is a simplified reactor shielding model, with three views of the
specific geometric structure shown in Figure 2.4.

The core is located at the bottom center of the silo and is externally shielded
by a double layer of water and concrete. The material inside the silo space is
air, and outside is vacuum. Two air ducts, each with a radius of 0.1 m, are
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distributed along the X-axis and Z-axis directions within the reactor, with their
specific locations illustrated in Figure 2.4. The source term is a body source
uniformly sampled within the core geometry, featuring a monoenergetic energy
of 14.1 MeV and isotropic sampling angles. The statistical region is defined as
the cylindrical body flux at the top of the axial air duct on the right side of
the core, with the statistical cylinder having a radius of 0.1 m and a height
of 0.1 m. The correctness of the algorithm is verified by comparing Monte
Carlo simulation results (statistical regional body flux results) applying both
the DALB-MC and original algorithms.

Figure 2.4 Three Views of the Self-Defined Simplified Reactor Shield-
ing Model

2.3.2 Complex Reactor Shielding Model
The VENUS benchmark model is tested using a supercomputing Linux platform
to simulate node performance differences and potential communication issues
that may be encountered in real application scenarios, thereby evaluating the
optimization effect of the DALB-MC algorithm. The VENUS Critical Unit is a
zero-power reactor located in Belgium that has been modified to provide exten-
sive baseline measurements and Monte Carlo data for particle cross sections and
particle transport procedures. VENUS-III was the third experiment conducted
in 1988. A quarter-core plus reflective surfaces model is constructed according
to VENUS-III specifications (Figure 2.5). The effectiveness of the new algo-
rithm in enhancing Monte Carlo code performance is assessed using Figure of
Merit (FOM) as a performance evaluation metric.

Figure 2.5 Schematic Geometry of VENUS Benchmark Model

2.3.3 Computing Platforms
The small-scale Windows cluster consists of 8 nodes, each with 100 cores for
parallel computing, while the supercomputing Linux platform employs the Bei-
jing Supercomputing BSCC-A2 to increase the number of computing nodes and
parallel cores for more extensive testing. The specific configuration of the com-
puting platforms is detailed in Table 2.1.

Table 2.1 Configuration Information for Two Computing Platforms
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Computing
Platform

Operating
System

Number
of
Nodes

Single-Node
CPU
Configuration CPU

Single-
Node
Memory

Total
Number
of Cores

Small-
scale
Windows
Clusters

Windows 8 (4+4) Intel Xeon
6240R
Processor,
Intel Xeon
Gold 6148
Processor

- 128GB 128GB

Supercomputing
Linux
Platform
(Beijing
Super-
com-
puter
BSCC-
A2)

Linux - AMD EPYC
7452
Processor

- 256GB -

3.1 Verification of Algorithm Correctness
Two independent Monte Carlo simulations were conducted using the DALB-MC
algorithm and the static load balancing algorithm (original algorithm) on the
small-scale Windows cluster. The total number of simulated particles in the test
was 108, with results output after every 107 particles simulated. The simulation
results include body flux values and statistical errors for the statistical region,
along with the trend of relative deviation between the two statistical results
as the total number of simulated particles (NPS) increases. These findings are
summarized in Table 3.1 and illustrated in Figure 3.1.

Table 3.1 Comparison of Monte Carlo Simulation Results of Two Al-
gorithms

Number of Simulated
Particles

Original
Algorithm

DALB-MC
Algorithm

Related
Deviation

Flux (1/cm2) Error Flux (1/cm2)
1.0 × 107 5.95 × 10−3 31.15% 4.90 × 10−3

2.0 × 107 5.58 × 10−3 22.63% 4.75 × 10−3

3.0 × 107 5.76 × 10−3 18.26% 5.62 × 10−3

4.0 × 107 5.54 × 10−3 16.44% 5.08 × 10−3

5.0 × 107 5.13 × 10−3 14.99% 4.63 × 10−3

6.0 × 107 4.82 × 10−3 13.84% 4.29 × 10−3

7.0 × 107 4.51 × 10−3 13.11% 4.42 × 10−3

8.0 × 107 4.69 × 10−3 11.98% 4.67 × 10−3
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Number of Simulated
Particles

Original
Algorithm

DALB-MC
Algorithm

Related
Deviation

9.0 × 107 4.90 × 10−3 11.19% 4.80 × 10−3

1.0 × 108 5.04 × 10−3 10.48% 4.84 × 10−3

Figure 3.1 Trends in Statistics with NPS for Monte Carlo Simulations
of Two Algorithms

From the above results, it is evident that the outcomes of the two simulations are
in good agreement. The relative deviation of flux in the statistical region at the
end of the all-particle simulation is -3.99%, falling within the acceptable range
of statistical error primarily caused by random number sequences. Additionally,
the convergence trends of statistical error with increasing particle counts are
similar, confirming the correctness of the DALB-MC algorithm.

3.2 Verification of Algorithm Effectiveness
For further performance comparison, the computation times of two simulations—
one implementing the original algorithm and the other the DALB-MC algorithm
—are analyzed in this study. The Computational Advantage Factor, or Figure of
Merit (FOM), is used as a reference index for performance evaluation, calculated
as follows: FOM = 1/(𝜎2 × 𝑇 ), where 𝜎 is the statistical error and 𝑇 is the
computational time. The FOM value allows for comprehensive measurement of
program computational performance. The number of subtasks completed by all
worker processes at the end of the simulation procedure using the DALB-MC
algorithm is presented in Figure 3.2. The cumulative computation time and
FOM value before and after DALB-MC algorithm implementation with NPS
are detailed in Table 3.2, while the trend curves of computation time and FOM
value with NPS for the two simulations are illustrated in Figure 3.3 and Figure
3.4.

Figure 3.2 Comparison of the Number of Tasks Completed by Each
Core for MCShield Applying DALB-MC Algorithm

Figure 3.3 Comparison of the Simulation FOM of MCShield Applying
Two Algorithms

Figure 3.4 Comparison of the Computation Time of MCShield Ap-
plying Two Algorithms

Table 3.2 Comparison of the Code Performance of MCShield with
Two Algorithms
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Number of
Simulated
Particles

Original
Algorithm

DALB-MC
Algorithm

Computation
Time
Reduction

FOM Boost
Multiplier

FOM
(min−1)

Computation
Time
(min)

FOM (min−1) Computation
Time (min)

1.0 × 107 13.77% - 17.94% -
2.0 × 107 19.61% - 19.50% -
3.0 × 107 18.84% - 18.68% -
4.0 × 107 18.06% - 17.77% -
5.0 × 107 17.06% - 16.46% -
6.0 × 107 - - - -
7.0 × 107 - - - -
8.0 × 107 - - - -
9.0 × 107 - - - -
1.0 × 108 - - - -

Figure 3.2 clearly shows that 99 workers completed varying numbers of tasks;
the process with the highest count, worker 42, completed a total of 1107 subtasks,
while the lowest, worker 75, completed 781 subtasks. Worker 42 completed 1.5
times as many subtasks as worker 75. This demonstrates that the DALB-MC al-
gorithm effectively utilizes the computational power of each worker, minimizing
idle resource waste. Experimental results indicate that as NPS increases, the
dynamic task allocation achieves a stable computation time acceleration effect
of nearly 20%.

Additionally, the FOM value with dynamic allocation is generally higher than
that for static allocation, showing an improvement of about 20% or more. When
comparing simulation times for individual NPS values, the dynamic algorithm
exhibits significantly more stability than the static one.

Thus, although the master process cannot perform particle transport tasks due
to its role in monitoring worker status and real-time task assignment, dynamic
task allocation maximizes the computational power of all slave processes, leading
to faster total simulation times and enhanced overall program efficiency.

3.3 Verification of Performance Improvement in Massively
Parallel Computing
To evaluate the optimization of the DALB-MC algorithm at a computational
scale relevant to real-world engineering applications, performance comparisons
were conducted on a large-scale Linux supercomputing platform. The average
number of simulated particles per core (107) was repeated independently five
times, with the total kept constant across all tests. Both static and dynamic
task allocation methods were employed, and measured time includes computa-
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tional time for particle transport simulations as well as post-processing time
for data merging and output generation. Table 3.3 presents the breakdown of
total computation and post-processing times as percentages of total runtime for
multiple test sets.

The results demonstrate that the total runtime for the DALB-MC algorithm
consistently outperforms the static method, with smaller mean squared devia-
tions across the five repetitions (Figure 3.5). Notably, as the number of parallel
cores increases, the dynamic method’s advantage in reducing total runtime
becomes increasingly pronounced. Additionally, when 2560 cores were used,
post-processing time constituted 12.03% of total runtime for the static method.
In contrast, the DALB-MC algorithm reduced post-processing time to a mere
0.49% of total runtime—a practically negligible amount—further underscoring
the significant performance benefits of the dynamic approach. This highlights
the DALB-MC algorithm’s ability to enhance both the parallel efficiency and
stability of Monte Carlo simulations.

Table 3.3 Comparison of Simulation Times for MCShield Applying
Two Algorithms with Different Numbers of Cores

Cores Original Algorithm DALB-MC Algorithm
Total Time Percentage of Post-processing Time

640 2676.0 ± 41.6 3.05% ± 0.99%
1280 2696.8 ± 26.6 2.05% ± 1.43%
1920 2820.0 ± 183.5 3.99% ± 2.18%
2560 2824.6 ± 204.2 6.75% ± 8.04%
3200 2748.6 ± 20.4 4.73% ± 1.62%
3840 2873.4 ± 265.9 8.99% ± 9.88%
4480 2962.0 ± 243.3 12.03% ± 8.58%

Figure 3.5 Comparison of Total Time of MCShield Applying Two
Algorithms

4 Conclusion
The Dynamic Adaptive Load Balancing algorithm for Monte Carlo Codes
(DALB-MC) proposed in this paper addresses the issues of wasted performance
and inefficient parallelism in massively parallel particle transport simulations.
Unlike traditional static load balancing algorithms commonly employed in
Monte Carlo codes, which allocate tasks in a single step, the DALB-MC
algorithm divides tasks into multiple discrete subtasks and distributes them
adaptively in stages. This approach enhances the stability and efficiency of
parallel computing.

The correctness and effectiveness of the algorithm were validated through its im-
plementation in MCShield, followed by tests on both small-scale Windows clus-
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ters and supercomputing Linux platforms. Experimental results demonstrate
that the DALB-MC algorithm provides consistent computational speedup, par-
ticularly as the number of simulated particles increases, and significantly im-
proves overall simulation efficiency. Additionally, the DALB-MC algorithm
exhibits superior parallel efficiency in large-scale computing environments, un-
derscoring the necessity of dynamic load balancing in such contexts. However,
since existing Monte Carlo programs exhibit fault tolerance limitations, future
work will focus on developing load-balancing strategies that ensure thread stabil-
ity and reliability to enable Monte Carlo codes to adapt to changing conditions
while maintaining optimal performance.
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