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 A B S T R A C T

The accurate modeling of galactic cosmic ray (GCR) propagation in the heliosphere requires solving the Parker 
Transport Equation (PTE), a multidimensional nonlinear equation that cannot be addressed analytically without 
strong approximations. In recent decades, stochastic differential equation (SDE)–Monte Carlo methods have 
emerged as a powerful numerical strategy for this problem, thanks to their numerical stability, relatively 
low memory requirements, and intrinsic parallelism. The increasing availability of general-purpose Graphics 
Processing Units (GPUs) has further revolutionized this approach by enabling massive parallelization of particle 
trajectories at relatively low cost. In this work, we introduce COSMICA (COde for a Speedy Montecarlo 
Involving Cuda Architecture), a new open-source multi-GPU code written in CUDA/C++ for the three-
dimensional solution of the PTE. COSMICA has been specifically designed to optimize GPU resource usage 
and scalability, with strategies including memory hierarchy exploitation, register-conscious kernel design, 
warp-aware scheduling, and parameter reordering for multi-GPU execution. Benchmark results demonstrate 
that COSMICA reduces runtimes from weeks to hours for large-scale simulations. These optimizations make 
COSMICA a versatile tool for systematic studies of cosmic-ray modulation and parameter exploration, thereby 
expanding the feasibility of investigations that were previously computationally prohibitive. The present article 
constitutes the first part of a two-paper series, focusing on code design and computational performance; a 
companion paper will present its validation against benchmark models.
. Introduction

The accurate description of Galactic Cosmic Ray (GCR) transport 
n the heliosphere requires solving the Parker Transport Equation 
PTE) (Parker, 1965), a Fokker–Planck-like equation that accounts for 
iffusion, convection, drift, and adiabatic energy losses of charged 
articles in the solar environment. Due to its multidimensional and 
onlinear nature, the PTE cannot be solved analytically without strong 
ssumptions, and numerical approaches have therefore become essen-
ial.
Among the available strategies, stochastic differential equation

SDE) techniques (e.g., Gardiner, 1985) have gained increasing popu-
arity in recent decades for heliospheric transport studies (Florinski and 
ogorelov, 2009; Effenberger et al., 2012; Kopp et al., 2012; Zhao et al., 
014; Boschini et al., 2019; Moloto et al., 2019; Vogt et al., 2020).

I This article is part of a Special issue entitled: ‘HPC in Cosmology and Astrophysics’ published in Astronomy and Computing.
∗ Corresponding author.
E-mail addresses: leone.bacciu@unive.it (L. Bacciu), matteo.grazioso@unive.it (M. Grazioso), marco.nobile@unive.it (M.S. Nobile).

1 These authors contributed equally to this work.

The SDE–Monte Carlo formulation redefines the transport problem 
as the integration of ordinary differential equations along stochastic 
trajectories, rather than directly solving the partial differential equa-
tion. This method offers several well-recognized advantages (Strauss 
and Effenberger, 2017): (i) unconditional numerical stability, (ii) the 
ability to handle steep spatial or temporal gradients, (iii) relatively 
low memory requirements, and (iv) intrinsic parallelism, since each 
stochastic trajectory is independent of the others. The last property is 
particularly important from a computational perspective, as it makes 
the approach ideally suited for high-performance parallel computing 
architectures.

Over the past decade, the widespread availability of graphics pro-
cessing units (GPUs) has revolutionized computational (astro)physics 
by enabling highly parallel calculations at relatively low cost. In the 
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field of cosmic-ray transport, GPUs have been successfully exploited to 
accelerate SDE–Monte Carlo methods, significantly reducing computing 
times while maintaining accuracy (Dunzlaff et al., 2015; Vogt et al., 
2020; Solanik et al., 2022; Solanik et al., 2023).

By mapping each stochastic trajectory onto a separate GPU thread, 
it becomes possible to integrate a vast number of realizations simulta-
neously, achieving performance levels previously attainable only with 
large CPU clusters. This development has opened the door to sys-
tematic studies that were once computationally prohibitive, including 
large-scale parameter scans and time-dependent modeling of solar mod-
ulation under realistic heliospheric conditions (see, e.g., Della Torre 
et al., 2025).

Several codes have implemented this approach with varying de-
grees of GPU acceleration. The earliest implementations can be found 
in Strauss et al. (e.g., 2011b), Dunzlaff et al. (e.g., 2015), Moloto et al. 
(e.g., 2019) where they solved the PTE for some specific cases, paving 
the way to broader studies, using similar techniques but studying the 
long term solar modulation for a wide range of GCR observations within 
the heliosphere. Other frameworks – such as Geliosphere (Solanik 
et al., 2023), an open-source fork of SOLARPROP (Kappl, 2016), and 
SDEMMA (Qin and Shen, 2017), a closed-source time-dependent solver 
– have further demonstrated the feasibility of GPU acceleration. Finally,
HelMod-4 (Boschini et al., 2019), in its HelMod-4/CUDA version (Bos-
chini et al., 2024), represents one of the first large-scale applications 
of GPU computing to the full three-dimensional PTE, solved for all 
relevant GCR ions, achieving excellent agreement with spacecraft data 
at Earth and beyond.

Nevertheless, most of these efforts have been primarily motivated 
by the exploration of physical models, with optimization of raw com-
putational performance often remaining a secondary goal.

In this work, we take a different perspective by focusing on the 
technological aspects of GPU acceleration for SDE–Monte Carlo solvers. 
We present the COde for a Speedy Montecarlo Involving Cuda Archi-
tecture (COSMICA), a new open-source code written in CUDA/C++ 
that solves the three-dimensional PTE using multi-GPU acceleration. 
The aim of COSMICA is not only to reproduce the physics of well-
established models such as HelMod-4/CUDA but also to explore the 
performance limits of modern GPU hardware to enable computationally 
demanding tasks – such as parameter optimization and long-term mod-
ulation studies – that would otherwise require access to national-scale 
HPC facilities (see, e.g., discussion in Della Torre et al., 2025). The mod-
ular design of the code allows the integration of alternative physical 
models, making the optimization strategies and benchmarks presented 
here generally applicable to a wide class of transport problems solved 
through SDE–Monte Carlo techniques.

By shifting the emphasis from purely physical modeling to com-
putational performance, our work highlights how GPU technology 
can transform the feasibility and accessibility of advanced numerical 
simulations of cosmic-ray transport. This work is the first part of a 
series of two contributions (see Cavallotto et al., 2025, for the second 
part, i.e. the validation of COSMICA against a benchmark model) 
which aims to demonstrate that carefully optimized GPU algorithms 
are not only capable of reproducing state-of-the-art physics models, but 
also of providing the computational efficiency necessary for systematic 
studies of heliospheric modulation and its impact on space radiation 
environments.

This Paper is organized as follows: Section 2 provides the theoretical 
background on the Parker Transport Equation and the SDE Monte-Carlo 
approach; Section 3 details the architecture and implementation of 
the COSMICA code; Section 4 outlines the advanced GPU optimization 
strategies; Section 5 describe memory hierarchy exploitation strategies; 
Section 6 introduces structured reordering of the simulations aimed at 
improving execution efficiency, memory access patterns, and balanced 
parallelism across device; and finally, Section 7 presents a perfor-
mance analysis and benchmarking of the code on various hardware 
configurations.
2 
2. Parker transport equation

The theory on the transport of GCR in the heliosphere, and in 
astrophysical plasma in general, is based on a Fokker–Planck equation 
named the Parker Equation after Parker (1965). In its fundamental 
work, Parker demonstrated that charged particles propagating in a 
magnetized plasma are subject to a random walk that can be described 
as a Markov process (Zhang, 1999). It is common to express PTE by 
means of the so-called omnidirectional distribution function 𝑓 (see, e.g., 
Strauss and Effenberger, 2017; Engelbrecht et al., 2022): 
𝜕𝑓
𝜕𝑡

= ∇ ⋅
(

𝐊𝐒 ⋅ ∇𝑓
)

−
(

𝐯𝐝 + 𝐯𝐬𝐰
)

⋅ ∇𝑓 + 𝑅
3
∇ ⋅ 𝐯𝐬𝐰

𝜕𝑓
𝜕𝑅

(1)

where 𝑓 is the average on all directions of the number of particles 
in the infinitesimal space volume element at time 𝑡 and per unit of 
momentum; in this formulation it is possible to recognize the principal 
physical processes that regulate the solar modulation: (a) the diffusion 
process, related to the symmetric part of the diffusion tensor (𝐊𝐒), 
(b) the convection process related to the outward solar wind flow 
(𝐯𝐬𝐰), (c) the particle drift due to large scale magnetic field gradients 
and expressed in terms of drift velocity (𝐯𝐝), and (d) the adiabatic 
energy loss due to expanding plasma of the solar wind. In Eq. (1), 
instead of particle momentum we used particle rigidity (𝑅 = 𝑝𝑐

𝑍𝑒
where 𝑝 is particle momentum, 𝑐 is light speed and 𝑍𝑒 is the particle 
charge) since it represents a more natural quantity for exploring the 
physical process involved and, as can be noted in Boschini et al. (2018), 
this formulation allows us to reduce the complexity of the stochastic 
differential equation present in the next section.

2.1. SDE Monte-Carlo approach

PTE is a partial differential equation that cannot easily be solved 
analytically. Among the different numerical solver techniques, in the 
last decades it has become popular to use the so called stochastic 
differential equations (SDE) Monte Carlo technique (Gardiner, 1985; 
Zhang, 1999; Strauss et al., 2011a; Kopp et al., 2012; Bobik et al., 
2016; Strauss and Effenberger, 2017; Boschini et al., 2018). With 
this approach, PTE should be rewritten in the form of the backward 
Kolmogorov equation (which is the backward in time formulation of the 
Fokker–Planck equation): 
𝜕𝑓
𝜕𝑠

=
∑

𝑖
𝐴𝑖(𝑠, 𝑦)

𝜕𝑓
𝜕𝑦𝑖

+ 1
2
∑

𝑖,𝑗
𝐷𝑖,𝑗 (𝑠, 𝑦)

𝜕2𝑓
𝜕𝑦𝑖𝜕𝑦𝑗

(2)

This expression is fully equivalent to a set of stochastic differential 
equations (SDE) generically expressed in the form (Øksendal, 2010; 
Freidlin, 1985): 
𝑑𝑦𝑖(𝑠) = 𝐴𝑖(𝑦, 𝑠)𝑑𝑠 +

∑

𝑗
𝐵𝑖,𝑗 (𝑦, 𝑠)𝑑𝑊𝑗 (𝑠) (3)

where 𝐴𝑖 is the same in both Eq. (2) and (3), and 𝐃 = 𝐁𝐁𝐓. In the SDE 
formalism, 𝑑𝑠 represent the backward in time step; 𝐴𝑖(𝑦, 𝑠) is the ad-
vective term that contains all deterministic process like convection and 
particle drift; ∑𝑗 𝐵𝑖,𝑗 (𝑦, 𝑠)𝑑𝑊𝑗 (𝑠) is the diffusive term that describes all 
stochastic processes like particle diffusion and shock re-acceleration, in 
this term 𝑑𝑊  indicates the increment due to a standard Wiener process
(see, e.g., Appendix A of Zhang, 1999 and Section 2 of Higham, 2001), a 
time stationary stochastic Lévy process where the time increments have 
a Normal distribution with a mean of zero (i.e. a Gaussian distribution) 
and a variance of 𝑑𝑡 (see introduction of Gardiner, 2009). In case of 
PTE, the derivation of the terms 𝐀 and 𝐁 can be found, for example, in 
Pei et al. (2010) and Appendix A of Boschini et al. (2018).

In the Monte Carlo framework, the determination of modulated 
cosmic-ray spectra is carried out by numerically propagating a set of 
representative points in phase space, defined by (𝐱, 𝑅, 𝑠), in the reverse-
time direction. The backward in time evolution is performed from the 
so-called evaluation point, – i.e., the coordinates 𝐱0, 𝑅0, 𝑠0 where the 
flux is to be reconstructed – up to the heliospheric boundary, following 
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the discretized form of Eq. (3). For this purpose, the Euler–Maruyama 
scheme is generally adopted as a standard stochastic integrator (see,
e.g., Section 5.6.1 in Kroese et al., 2011). The forward-in-time formu-
lation is not accounted for in this work since is was proven to be less 
efficient from the computational perspective. A comparison of forward-
in-time and backward-in-time formulations can be found in Bobik et al. 
(2016).

The individual entities undergoing this numerical evolution are 
typically referred to as quasi-particles. This terminology emphasizes 
that, although their propagation resembles the trajectories that real 
galactic cosmic-ray particles might follow, they do not correspond to 
physical paths in a strict sense. Instead, each quasi-particle trajectory 
should be interpreted as a stochastic realization of the underlying 
transport process. As clarified in Strauss and Effenberger (2017) and 
further emphasized by Boschini et al. (2024), the integration of Eq. (3) 
for a single quasi-particle does not carry physical meaning by itself. 
Rather, the ensemble of trajectories collectively forms a probabilistic 
description of the transport problem: together, they define an effective 
quasi-Green’s function 𝐺(𝑅0|𝑅), which quantifies the probability that 
a particle observed at a specific location, with rigidity 𝑅0, originally 
entered the heliosphere at the boundary with rigidity 𝑅, prior to 
undergoing solar modulation (Zhang, 1999).

The raw output of this solver technique is a histogram 𝐺𝑅0
 that 

maps the distribution function of quasi-particles rigidity at the end of 
the stochastic path, which corresponds to the heliosphere boundary. 
The normalized 𝐺𝑅0

 allows to reconstruct 𝐺(𝑅0|𝑅) and, in turn, the 
modulated intensity of GCR.

From an analytical point of view, the modulated spectra is computed 
by Zhang (1999):

𝐽 (𝐱0, 𝑅0, 𝑠0) =
𝛽0 𝑅0
𝑁

𝑁
∑

𝑝=0

𝐽𝐿𝐼𝑆 (𝑇𝑝)

𝑅2
𝑝

(4)

≈ 𝛽0 𝑅0 ∫

∞

𝑅0

𝐽𝐿𝐼𝑆 (𝑅)
𝛽(𝑅)𝑅2

⋅ 𝐺(𝑅0|𝑅)𝑑𝑅 (5)

≈ 𝛽0 𝑅0
∑

𝑖

𝐽𝐿𝐼𝑆 (𝑅𝑖)
𝛽(𝑅𝑖)𝑅2

𝑖

⋅ 𝐺𝑅0
(𝑅𝑖)𝛥𝑅𝑖 (6)

where 𝑝 is the index identifying each quasi-particle object, 𝑅𝑝 and 𝑇𝑝
are the values of the quasi-particle object rigidity and kinetic energy 
per nucleon at the end of the stochastic trajectory, 𝐽𝐿𝐼𝑆 (𝑇𝑝) is the LIS 
spectra evaluated at 𝑇𝑝, and 𝛽0 is the conversion factor from 𝐽 (𝑇0) to 
𝐽 (𝑅0). A more complete description on how to evaluated the more 
general PTE solution using SDE approach is described in Cavallotto 
et al. (2025). Eq. (4) can be computed directly during the numerical 
solution for a given 𝐽𝐿𝐼𝑆 modeled within the code. Nevertheless, due 
to lack of ∼ GV rigidities GCR direct measurements at heliosphere 
boundaries, 𝐽𝐿𝐼𝑆 can be considered more a model parameter than 
a real boundary condition for it, thus, it is preferred to allowing to 
evaluate Eq. (6) offline with different 𝐽𝐿𝐼𝑆 which must be refined 
using other technique, like, e.g., the one described in Boschini et al. 
(2017). Moreover, the choice to save distribution histograms instead of 
raw events has the advantage of restricting the amount of information 
that must be stored in memory during the computation, since, instead 
of recording all particles, it records the histogram of the distribution 
function. 

3. The cosmica numerical solver

We developed COSMICA to solve PTE in the framework of the Monte 
Carlo SDE approach having as its main goal to optimize the code to 
best perform on GPU both in HPC systems and desktop environment. 
Detail on the implementation of the physical model can be found 
in Cavallotto et al. (2025). COSMICA is implemented using the CUDA 
(version ≥12.4) language and C++20, specifically for NVIDIA GPU 
architectures. Each trajectory is given a unique thread in the GPU 
allowing for large-scale parallel computation consistent with the Single 
3 
Instruction, Multiple Data (SIMD) paradigm. This flexibility makes the 
simulation process embarrassingly parallel and allows SDE integration to 
be executed very efficiently on modern High-Performance Computing 
(HPC) architectures and Single Instruction, Multiple Thread (SIMT) de-
vices like modern general-purpose programmable GPUs. Details on this 
specific architecture, including the GPU programming model, memory 
hierarchy, and scheduling strategies are described in Section 4.

The simulation process begins with establishing the key parameters: 
total number of trajectories per rigidity, heliospheric model inputs, par-
ticle species attributes, and initial spatial and energy distributions. The 
particle-specific information and thread-invariant constants are strate-
gically allocated to different types of GPU memory, selected according 
to their access frequency, mutability, and latency characteristics. This 
targeted memory allocation – informed by the architectural behavior 
of each memory type – facilitates efficient resource utilization and 
contributes to maximizing the usage of the GPU compute capacity. A 
detailed analysis of these strategies is presented in Section 5.

In the propagation phase, the GPU determines the SDE-based trajec-
tory of every quasi-particle’s transport through the heliospheric domain. 
The local transport coefficients are computed at each time integra-
tion step; the calculations are repeated until the particle leaves the 
simulation area.

Results are stored in block-level histograms and written using 
atomic operations to prevent critical runs and write conflicts. At the 
end of kernel’s execution, the partial histograms are transferred to 
the host. When run on multi-GPU systems (as described in Section 6)
COSMICA automatically distributes the relevant portion of the com-
putation among the available GPUs. These inter-dependent segments 
run independently across the devices, without the need for explicit 
synchronization barriers at runtime. The histograms produced by each 
GPU are transferred and merged by the host.

We will describe technical details, including complete background 
on GPU-accelerated HPC, maximum exploitations of memory hierarchy, 
precision handling, and particle reordering techniques for multi-GPU 
workflow, in the following Sections. The code has been released as open 
source under the GPLv3 license and is accessible through the project 
repository (COSMICA Repository, 2025) (commit ID: cab03e3). Ex-
ample input configuration files (YAML) and parameter sets used for the 
benchmarks are included in the repository to facilitate reproducibility.

4. Background on GPU-accelerated high-performance computing

GPUs have become foundational in High-Performance Scientific 
Computing, which is the substrate for advancements in deep learn-
ing, numerical modeling, and large-scale data analytics. While Central 
Processing Units (CPUs) are architectural designs that support opti-
mized sequential processing and low-latency task performance, GPUs 
are built for massively parallel computation and leverage thousands 
of simple cores to execute many threads concurrently (NVIDIA Corpo-
ration, 2025b), catalyzing a shift toward General-Purpose (scientific) 
computing on GPUs.

4.1. NVIDIA GPU architecture and memory hierarchy

In order to leverage the parallel architecture of GPUs, a dedicated 
programming model is needed. The most popular of these is NVIDIA’s 
Compute Unified Device Architecture (CUDA), is a parallel computing 
platform and programming model for general-purpose programming 
on GPUs in languages like C++ as was our case, CUDA abstracts the 
underlying GPU hardware into a hierarchy of execution and mem-
ory models that make explicit fine-grained control to the experts for 
high-performance computing.

CUDA is based on the SIMT execution model, where groups of 
threads called warps execute instruction in lock-step, with interleaving 
applied in the presence of thread divergence. Thread divergence occurs 
when threads in the same warp follow different execution paths in a 
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Table 1
CUDA memory hierarchy: types, usage and performance impact (NVIDIA Corporation, 2025a,b).
 Memory type Characteristics Performance  
 Global Memory The largest and most general memory space in a 

GPU; accessible by any thread and by the host 
CPU.

High bandwidth, high 
latency, hundreds of 
cycles.

 

 Shared Memory An on-chip memory space shared by threads 
within the same block. It can be used as a 
user-managed cache to avoid accessing global 
memory. It enables communication between 
threads within the same block.

Low latency, high 
bandwidth.

 

 Registers Threads have access to a small number of fast 
registers for storage of private variables. When a 
thread exceeds its register budget (i.e., the register 
pressure is too high), it spills into ‘‘local’’ memory, 
which is part of the global memory and therefore 
incurs the large latency associated with accessing 
global memory.

Extremely fast unless 
spilling to local 
memory.

 

 Constant Memory Read-only memory space with hardware caching. 
Values in constant memory can be broadcast to all 
threads in a warp: if all threads access the same 
address, the constant memory can serve the 
request efficiently via a single transaction; else, its 
throughput is strongly affected. Relatively small 
(∼ 64 KB).

If access is warp 
uniform, as fast as a 
register access.

 

 Read-Only Data Cache By default, global memory accesses are cached in 
a L2 cache. However, data that remains read-only 
for the duration of a kernel can be cached in a L1 
cache. The compiler may detect read-only accesses 
automatically, or the programmer can explicitly 
use __ldg() to instruct caching.

Very low latency.  
branch. Execution is performed by computational units called Stream-
ing Multiprocessors (SMs). The number of SMs in a GPU determines the 
extent of parallel workload it can sustain.

SMs contain several CUDA cores, special function units, and a 
small amount of shared memory. All of these components are carefully 
designed to maximize throughput by hiding memory and execution 
latencies, and employing fine-grained multi-threading (Hong and Kim, 
2009; Kirk and Wen-Mei, 2016).

The memory hierarchy in NVIDIA GPUs is a primary factor in 
application performance. In this context, latency refers to the time delay 
between issuing a memory request and receiving the data, typically 
measured in clock cycles. Bandwidth, on the other hand, denotes the 
amount of data that can be transferred per unit of time. While high-
bandwidth memory systems can move large amounts of data quickly, 
high latency can still cause performance bottlenecks, particularly in 
memory spaces like global or local memory. To optimize performance, 
we took these factors into consideration and focused our efforts on 
reducing memory latencies as much as possible, and on maximizing 
bandwidth efficiency by carefully managing memory access patterns 
of our simulator. The types of memory available in CUDA, along with 
their characteristics and performances, are summarized in Table  1. We 
carefully optimized the performance of our simulator by exploiting the 
memory hierarchy. Specifically, we maximized shared memory reuse, 
coalesced global memory accesses, and minimized register spilling.

To classify and characterize the wide variety of features in their 
GPUs, NVIDIA exploits the concept of Compute Capability (CC). CC 
is NVIDIA’s way of labeling different GPU microarchitectures with 
certain sets of features and meaning the architectural generation and 
capabilities of the hardware. For example, NVIDIA’s A30 and A100 
GPUs have CC 8.0, while the A40 and RTX 3090 have CC 8.6. It is 
important to note that they both have the same major CC version (8) 
but have some significant architectural and performance differences.

4.2. CUDA programming model

At the heart of the execution model is the concept of kernels, C-like 
functions that are launched on the device and executed simultane-
ously by many threads. Threads are grouped into thread blocks that 
4 
are grouped into a grid structure. Each thread has a unique index 
within a block, and each block has a unique index within the grid, 
allowing the code to map threads to data in a scalable manner. Thread 
blocks execute independently on the available SMs, achieving massive 
parallelism and automatic scaling transparently for the programmer. 
Once a block is scheduled for execution on an SM, it stays resident there 
until all its threads have completed, freeing space for a new block.

Threads within a block are subdivided into warps of 32 threads, 
which execute instructions in lockstep. Branch divergence within a 
warp (e.g., due to a conditional statement) is technically implemented 
by serialization, which strongly affects overall efficiency. Serialization 
enables interleaving, allowing sub-warp groups to stall on data reads or 
special instructions while other threads in the warp execute a different 
branch path (NVIDIA, 2017). This only partially mitigates the impact 
of serialization; therefore, warp-aware programming is essential for 
performance, which is a central focus of our work.

Our work took advantage of CUDA’s programming model to gener-
ate compute kernels that are as parallel, memory efficient, and as close 
to the GPU architecture as possible.

This meant appropriately setting the thread-block dimensions to 
best match the problem granularity without exceeding hardware limits, 
minimizing warp divergence to reduce serialization to maximize SIMT 
efficiency, and utilizing register level optimizations to minimize latency 
and maximize occupancy.

CUDA’s profiling tools helped detect and reduce serialization bottle-
necks, and identify non-coalesced memory accesses. Coupling
architecture-aware kernel design together with empirical style per-
formance tuning, we obtained large increases in throughput and run 
time efficiency, demonstrating how informed optimization can impact 
GPU-accelerated workloads.

In our implementation, we largely used C++20’s features to im-
prove both the expressiveness and performance of the CUDA code: 
as a matter of fact, it provides better abstractions and compile-time 
evaluations (Stroustrup, 2025).

For instance, the consistent use of const to enforce immutability 
and guide the compiler toward better optimization opportunities. The 
use of auto enhances expressiveness by enabling concise and type-safe 
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variable declarations without sacrificing performance. Data structures 
such as indices, particles, or multidimensional coordinates are modeled 
as user-defined types (i.e., lightweight objects), which are internally 
decomposed at compile time into simple, adjacent memory represen-
tations. This enables a high level of abstraction in code design without 
incurring any runtime overhead.

Additionally, the adoption of the if-init statement – which intro-
duces variable initialization scoped to a conditional statement – allows 
for finer-grained control over the lifetime of temporary variables. In 
the context of GPU programming, this pattern aids in the early release 
of register resources, reducing register pressure and improving overall 
occupancy, as discussed in the next Section.

4.3. GPU occupancy and resource saturation

Achieving high performance on CUDA-enabled GPUs requires not 
only well-parallelized kernels, but also a careful balance between hard-
ware resource utilization and scheduling efficiency. Among the key 
performance metrics, occupancy and resource saturation were used to 
evaluate how effectively a kernel utilizes the computational capabilities 
of the GPU. The metrics are defined as follows.

• GPU occupancy is the ratio of active warps on a Streaming Mul-
tiprocessor (SM) to the maximum number of warps the hardware 
can support. High occupancy improves latency hiding by allowing 
the scheduler to switch to a ready warp when the other warps are 
stalled on memory accesses or execution stalls. Hence, occupancy 
should be maximized and it is (negatively) affected by register 
pressure, usage of shared memory, and thread-per-block number. 
The relationship between the number of threads, the threads per 
block and the maximum occupancy is illustrated in Fig.  1.

• Resource saturation happens when all SMs are actively utilized, 
idle cycles are minimized, warp activity is high, and the device 
sustains elevated throughput, whether the kernel is compute- or 
memory-bound. Maintaining a high number of active threads and 
blocks per SM is particularly beneficial, as it provides the warp 
scheduler with a sufficient pool of ready warps to select from 
when others are stalled due to memory latency or execution de-
pendencies. This thread-level parallelism enables effective latency 
hiding: while some warps wait for memory transactions, oth-
ers can proceed without interruption. This means that this fine-
grained interleaving of warps allows the GPU to maintain high 
throughput even when some warps are stalled due to memory 
accesses or other dependencies.

These two metrics provide insight into the degree to which a 
GPU’s SMs are kept busy and how resource constraints, such as reg-
isters and thread slots, affect kernel execution and scalability. The 
metrics are strongly influenced by both hardware architecture and 
the software environment. Achieving saturation requires scheduling 
the maximum possible workload in each execution. Notably, GPUs 
equipped with a greater number of streaming multiprocessors (SMs) 
demand proportionally more work to reach saturation.

In contrast, occupancy is determined by the specific constraints of 
the GPU’s CC, including limits on the number of registers per block, the 
maximum threads per block, and other parameters.

In this work, we strived for very high occupancy while effec-
tively using per-thread resources on GPUs with CC 8.x. Specifically, by 
scheduling the particles propagation in such a way that both optimized 
warp cache local accesses and maximized the overall number of ready 
warps.
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(a) 

(b) 

Fig. 1. Visualization of the relationship between the number of registers, 
threads per block, and the corresponding maximum achievable occupancy on 
a CUDA GPU. The blue curve highlights the Section relevant to COSMICA’s 
configuration, where each thread utilizes 80 registers. The red cross marks 
our chosen configuration of 48 threads per block, which is the smallest thread 
count that achieves the maximum occupancy for this register usage. Results 
for CC 8.0 are shown in Fig.  (a), while results for CC 8.6 are shown in Fig. 
(b).

5. Memory hierarchy optimization and precision control in GPU 
accelerated simulation

In this Section we will discuss the implementation choices and 
optimizations of our CUDA-powered simulator. The strategies we will 
describe are related to the specific architecture that we targeted (i.e., 
CC ≥ 8) and are essential for sustaining high throughput in register-
bound kernels, effectively managing limited on-chip resources such as 
constant memory.

5.1. Precision strategy: preferential use of single-precision arithmetic

An important architectural and algorithmic choice in our implemen-
tation was the consistent choice of single precision (float) versus 
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double precision (double) in all computational kernels. This choice 
is based on three interconnected factors affecting GPU and resource 
performance and efficiency.

Single-precision operations can achieve much higher throughput on 
NVIDIA GPUs due to existing hardware fast paths in the execution 
units. Both NVIDIA and software vendors expect that workloads on the 
modern architecture such as CC 8.x are optimized for single-precision 
workloads.

HelMod-4/CUDA already used single-precision for all floating-point 
operations, but many mathematical computations were executed using 
mixed-precision functions. This does not affect the numerical result, as 
both the inputs and outputs have the same precision, but when single-
precision variables are used into mixed-precision expressions, the com-
piler automatically performs implicit type casting. Moreover, the vali-
dated results from HelMod-4/CUDA strongly indicate that additional 
floating point precision is not required for these simulations. When 
single-precision variables are used into mixed-precision expressions, the 
compiler automatically performs implicit type casting. These implicit 
conversions introduce additional instructions and increase register us-
age, as temporary variables are generated during type promotion. 
This elevated register demand can constrain scalability and degrade 
performance, particularly in highly parallel workloads. For this reason, 
we employed CUDA’s Single Precision Intrinsics, special functions that 
compute special mathematical operations such as square root and sine. 
Intrinsic functions are restricted to device code, as they leverage dedi-
cated machine instructions and execution units to deliver significantly 
faster computations compared to standard instructions (NVIDIA, 2025).

The last and most current constraint imposed on our procedures is 
register pressure. Profiling our data, we recognize that our application 
is not primarily bottlenecked by global memory access, but by the high 
number of registers that are required by each thread.

5.2. Register-conscious design

Given the physical constraints of CC 8.x GPUs, we can calculate 
the maximum theoretical occupancy achievable by a kernel. The main 
kernel our simulator was strongly optimized in order to reduce the 
number of registers to 80. Further reductions in register usage, either 
by simplifying expressions or modifying the kernel logic, have proven 
ineffective: they either compromise numerical accuracy or result in 
register spilling.

Registers are allocated at the warp level (with each warp consisting 
of 32 threads) which translates to 80 ⋅ 32 = 2560 registers per warp. 
Each SM offers 65 536 registers, which ultimately limits the number of 
simultaneously active warps to roughly 65 536 / 2560 ≈ 25, but due to 
warp allocation granularity (in units of 4 warps), the actual maximum 
is 24 warps per SM. For CC 8.0, the hardware would, in principle, allows 
up to 64 resident warps per SM, yielding a theoretical occupancy of 24 /
64 = 37.5%. For CC 8.6, such limit is 48 warps, yielding a theoretical 
maximum occupancy of 50%.

Another factor influencing theoretical occupancy is the number of 
threads per block. As shown in Fig.  1, the minimum number of threads 
per block achieving maximum occupancy is 48 for both CC versions. 
We selected this minimal size to allow blocks to be evicted from SMs 
as soon as possible; larger blocks would remain resident even if only a 
single thread were still active, e.g., when processing a slower particle. 
With smaller blocks, a single long-running thread monopolizes fewer 
resources, thus reducing overall resource contention. The absolute best 
configuration depends on many factor like the hardware architecture 
and the nature of the specific problem to be solved during the specific 
run, such generalization goes beyond the scope of this work.

We also tested the use of shared memory to reduce latencies, but 
the strategy made the implementation more complex without a real 
improvement of performance, at the cost of increased register pressure. 
Because of that, user shared memory is not used in this implementation.

It is worth noting that these occupancy figures are theoretical 
and are only achieved when the GPU is sufficiently saturated with 
scheduled threads.
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5.3. Warp-aware hybrid memory strategy

Constant memory on NVIDIA GPUs is a specialized, read-only mem-
ory space with a limited size that is highly optimized for broadcast-style 
access patterns, where all the threads in a warp read the same ad-
dress, as already described in Section 4.1. Access to constant memory 
is serviced from a dedicated on-chip cache, so the memory is read 
with low latency under warp-uniform conditions. This makes constant 
memory well-suited for scalar values that are frequently reused, as 
well as configuration parameters. However, the limited size of constant 
memory prohibits usage for simulations that must work with many 
different configurations.

In our case, the total volume of simulation parameters and espe-
cially dynamic coefficients such as 𝐾0 that may vary at each
parameterization can easily exceed the hardware (64 KB) limit imposed 
on constant memory. To bypass the limit to work within constant 
memory, we employ a hybrid memory strategy that distinguishes 
between static and dynamic parameter types.

COSMICA can simulate multiple parametrizations within a single 
run. These parametrizations constitute the dynamic parameters, whereas 
parameters shared to all parametrizations, e.g. those describing the 
heliosphere, are referred to as static parameters. Static parameters have 
to be allocated in advance, which limits their flexibility, but their access 
is extremely fast (see Table  1).

On the other hand, dynamic parameters are stored in the global 
memory, but accessed using the __ldg() intrinsic function, which 
enables caching them in the Read-Only Data Cache (see Table  1).

While these dynamic parameters are located in global memory, their 
access patterns are very orderly. We arranged our execution model 
so that thread blocks are able to utilize few parameterizations at a 
time. We developed this scheduling mechanic based on the temporal 
proximity of the parameterizations in the simulation domain. In fact, 
by ensuring sure that threads that operate on the same parameter set 
or an adjacent parameter set are launched at the same time, we are 
able to maintain a high level of warp-uniformity in memory access. This 
memory access uniformity allows the hardware to automatically cache 
the global memory loads in the constant cache, effectively extending 
the utility of constant memory beyond what is available based on its 
nominal capacity.

Profiling results obtained using NVIDIA Nsight Compute have verified 
that these dynamic parameters are indeed serviced via the constant 
cache during execution. Although in global memory, the cache be-
havior is very similar to true constant memory, which benefits from 
frequent cache hits and extremely low latencies. This cache mechanism 
alleviates traffic between registers and global memory and alleviates 
some pressure on local memory.

This hybrid use of constant and global memory, combined with
__ldg() and a warp-aware scheduling strategy, allows our simulation 
to handle parameter spaces larger than the physical size of the constant 
space meaning that it has kept multiple frequently-accessed values 
available in low-latency cached memory again without consuming 
register resources and while maintaining reasonable kernel throughput.

5.4. Architectural implications

The architectural considerations stated in this Section inform every 
stage of our design. By aligning kernel structure and memory lay-
out with the hardware’s register and memory hierarchy, we reduced 
latency, avoid register spilling, and sustained high throughput. This 
hardware-aware approach is necessary to optimize performance and 
promote numeric reliability in our GPU-based simulations. These op-
timizations are most effective when the GPU is fully saturated. To that 
end, we developed an indexing scheme that enables the scheduling of 
the maximum number of particles within a single kernel launch, even 
when particles differ in parameterization, rigidity, or other physical 
properties. This strategy ensures that all available GPU resources are 
utilized efficiently, maximizing concurrency and improving overall 
throughput.
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6. Particle reordering and parallel execution in multi-GPU archi-
tecture

In the multi-GPU implementation of COSMICA, we introduce a 
structured reordering of the simulations aimed at improving execution 
efficiency, memory access patterns, and balanced parallelism across 
devices. Each simulated particle is characterized by a rigidity parame-
ter, a parameterization and an isotope – defining a unique simulation 
instance –, a temporal period and a repetition index – identifying 
statistically independent realizations of the same physical scenario 
through variations in the random seed.

To ensure that similar computational tasks are executed consec-
utively and to exploit hardware coherence, particles are first sorted 
by increasing rigidity. Rigidity directly influences the propagation time 
and numerical stability, and therefore grouping particles by rigidity 
allows uniform scheduling of kernel workloads. Within each rigidity 
class, particles are then ordered by simulation instance, which includes 
a combination of configuration parameters and isotope. This grouping 
ensures that particles with identical physical settings are processed 
together, enabling better use of instruction and data caches. Each 
instance is further subdivided by simulation period allowing adjacent 
time periods to be simulated at the same time.

Finally, within a fixed period, particles are organized by their
repetition index. Each repetition corresponds to a unique stochastic 
realization, namely random seed, keeping all other physical properties 
unchanged. Specifically, we exploit the repetition index as the primary 
axis for distributing the computational workload across available GPUs. 
Assuming the hardware consists of homogeneous GPUs – for example, 
multiple NVIDIA A100 units – the total number of repetitions is divided 
evenly among the devices. Since each GPU receives an equal number 
of input items, with identical characteristics, the execution time per 
device becomes effectively synchronized. This yields highly efficient 
device-level parallelism: each GPU executes its assigned kernel set, 
and the overall simulation completes when the last GPU finishes its 
share of repetitions — ideally with no delay imbalance across devices. 
Automatic balancing of repetitions across heterogeneous hardware in 
an efficient manner is not yet supported, and addressing this challenge 
represents an interesting direction for Future Work.

To support this execution model with minimal overhead, we in-
troduce an index array used to quickly resolve the data location for 
each particle. It encodes, for each thread, the index of the correct 
particle data and configuration parameters in their respective arrays. 
By accessing simulation input data through this indirection table, the 
kernel execution achieves a high degree of memory coalescence and 
benefits from constant memory caching, reducing access latency and 
improving throughput in the memory subsystem.

To visually summarize the particle reordering and parallelization 
strategy adopted in the multi-GPU implementation of COSMICA, Fig. 
2 provides a schematic overview of the hierarchical organization and 
index-driven memory access.

7. Computational performance assessment

To comprehensively evaluate the computational performance of the 
simulator, we performed an extensive series of benchmark tests across 
a diverse range of configurations.

These benchmark tests are grouped into two sets: in Test A we vary 
only the number of quasi-particles within the set {2𝑛 ∣ 9 ≤ 𝑛 ≤ 16}, 
while in Test B we select one of the model parameter (i.e., the diffusion 
parameter 𝐾0 which set the absolute scale of 𝐊𝐒 in Eq. (1)) and we 
vary the number of its values simulated in parallel within the set 
{2𝑛 ∣ 0 ≤ 𝑛 ≤ 7} using a fixed number of quasi-particles. Notably, in
Test B each individual 𝑘0 value is tested multiple times to evaluate 
the variability and stability of the runtime. For the evaluation of the 
runtime we consider the total computing time to simulate the two 
isotopes of hydrogen nuclei (i.e., proton and deuteron), for a single 
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Table 2
Simulated time intervals along with the corresponding solar activity and HMF 
polarity. 
 CR number Start–End date Solar activity HMF polarity 
 2117 Nov. 16 – Dec. 13, 2011 Solar minimum Negative  
 2155 Sep. 17 – Oct. 15, 2014 Solar maximum Undefined  
 2168 Sep. 7 – Oct. 4, 2015 Medium descendant Positive  
 2181 Aug. 27 – Sep. 23, 2016 Medium descendant Positive  
 2192 Jun. 23 – Jul. 20, 2017 Medium descendant Positive  
 2209 Sep. 29 – Oct. 26, 2018 Solar minimum Positive  

Table 3
Key specifications of the NVIDIA GPUs used for the tests.
 A30 A100 RTX 3090 A40 RTX 3060 A2000 
 CC 8.0 8.0 8.6 8.6 8.6 8.6  
 Chipset GA100 GA100 GA102 GA102 GA106 GA107 
 Boost Clock (MHz) 1440 1410 1900 1740 1425 1687  
 Memory Clock (MHz) 1215 1215 1219 1812 1750 1500  
 Bandwidth (GB/s) 933.1 1560 936.2 695.8 336 192  
 SMs Count 56 108 82 84 30 20  
 Core Count 3584 6912 10496 10752 3840 2560  
 L1 Cache (KB per SM) 192 192 128 128 128 128  
 L2 Cache (MB) 24 40 6 6 3 2  
 VRAM (GB) 24 64 24 48 6 4  
 TDP (W) 165 400 350 300 80 95  
 FP32 (TFLOPS) 10.32 19.49 35.58 37.42 10.94 8.64  
 Interface PCIe SXM PCIe PCIe PCIe PCIe  

carrington rotation, spanning 23 bins from 1 to 11 GV mapping the ones 
used for the latest proton measurements provided by AMS–02 (Aguilar 
et al., 2021). Since performance increases with increasing the particle 
rigidity, higher bins were not considered in this work.

For each set, simulations were conducted across 6 distinct periods, 
as detailed in Table  2, each representing a different solar activity 
scenario during the AMS–02 data taking period (see Cavallotto et al., 
2025, for the consideration of performance and validation regarding 
the solar activity). To assess the reliability of the COSMICA framework, 
the same periods were subsequently used in the second part of this 
Study (Cavallotto et al., 2025) for code validation against the HelMod-
4/CUDA model. Validation was performed by comparing the simulated 
energy range from 1 to 11 GV, evaluating the relative differences 
between the two simulations. Due to the intrinsic differences in the 
underlying algorithms, it was not possible to use identical random 
seeds; instead, 𝐾 independent realizations were generated. The analysis 
shows that, on average, the differences between the outputs of the two 
models are consistent with the expected numerical uncertainties for the 
given statistics, confirming the reliability of COSMICA framework. 

To ensure statistical robustness, all simulations were repeated 6
times with independent random seeds and executed on various GPU 
configurations.

Specifically, benchmarking was conducted on nine distinct GPU 
setups: 6 different GPU architectures (see Table  3) as well as multi-GPU 
systems configured with 2, 3, and 4 NVIDIA A100 GPUs. Addition-
ally, in Cavallotto et al. (2025), we benchmarked the legacy HelMod-
4/CUDA simulator on NVIDIA A100 systems with 1, 2, 3, and 4 GPUs, 
following the same protocol as described above.

7.1. Runtime analysis

A primary objective of COSMICA is to enable the rapid execu-
tion of large-scale simulations. The majority of development decisions 
described in Sections 5 and 6 were driven by this goal.

Fig.  3 describes the actual runtimes. A single simulation involving 
4096 particles – which yields an error of approximately 1% – requires 
only about 10 s with COSMICA, in contrast to nearly 100 s with 
HelMod-4/CUDA. As an exhaustive example, a simulation involving a 
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Fig. 2.  Schematic overview of the hierarchical particle reordering and workload distribution strategy used in the multi-GPU version of COSMICA.  Legend: 
▽: index array  ⋄: state array ⊛: GPU operation ⊙: CPU operation.
Fig. 3.  Scaling analysis of the COSMICA multi-GPU implementation for proton + deuteron simulations (23 bins, 1–11 GV) across different GPU architectures and 
simulation periods. (Left) Runtime as a function of quasi-particle count for different periods. (Right) Runtime as a function of parameter count (𝐾0) for different 
periods. All results are shown for different simulation periods, with shaded areas indicating the 95% percentile interval.
large number of parametrizations that would previously have required 
approximately one month to complete with HelMod-4/CUDA can now 
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be executed in just over 7 hours using COSMICA (see Cavallotto et al., 
2025, for the full comparison).
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Fig. 4.  Runtime scaling for proton + deuteron simulations for CR-2117 (23 bins, 1–10 GV) on different GPU architectures. Left : Runtime as a function of
quasi-particle count. Right : Runtime as a function of parameter count (𝐾0). Results are shown for single and multi-GPU configurations (A100, A2000, A30, A40, 
RTX 3060, RTX 3090). The shaded area indicates the 95% percentile interval.
7.2. Comparison between GPUs

Fig.  4 presents a comparative analysis of the computational per-
formance on different hardware configurations for the heliospheric 
parameters corresponding to CR number 2117. Analogue plots for the 
other CR periods are available in the Supplementary Materials. The 
left panel explores the scaling regarding the number of quasi-particles
in each instance for a selected set of model parameters, while the 
right panel investigates the scaling regarding the number of dynamic 
parameters tested, with a fixed number of particles per instance. For 
each, the runtime is reported for various GPUs, including single and 
multi-GPU setups.

We employed both enterprise-grade GPUs (A30, A100, A40, and 
A2000) and consumer GPUs (RTX 3060 and RTX 3090) in our exper-
iments. The consumer GPUs and the A2000 are installed in desktop 
computers, whereas the A30 and A40 are located on university servers. 
The A100 GPUs, instead, are part of the CINECA Leonardo supercom-
puting cluster (Turisini et al., 2024). For multi-GPU configurations, 
all GPUs are housed within the same node to maximize inter-device 
communication efficiency. Notably, Leonardo’s A100 GPUs are custom-
built and utilize the SXM interface, which offers superior performance 
compared to standard PCIe connections.

The scaling we see is almost linear in log–log space, indicating a 
power-law relationship between both independent variables – number 
of quasi-particles or parameters – and running time. The runtime is 
monotonically increasing with problem size; the slope is a product of 
computational complexity and the physical constraints of the device. 
The NVIDIA A100 series has consistently the highest performance, 
with the multi-GPU configurations (2x, 3x, 4x A100s) achieving a 
proportional reduction in running time without significant overhead as 
a result of favorable parallelization. The A100 (4x) configuration has 
the lowest running time across all problem sizes, indicating extensive 
scalability for intraday (high throughput) scenarios.

On the other hand, GPUs such as the A2000, A30, and RTX 3060 
have a steeper scaling and longer runtimes, meaning the devices have 
lower memory bandwidth, reduced core count, or architectural limita-
tions. The A40 and RTX 3090 approach the top single-GPU performance 
levels, defined by the A100, with the RTX 3090 slightly outperforming 
the A40 and even the A100 at low quasi-particle counts.

The plot shown corresponds to a representative period of low solar 
activity; further results for other periods of activity can be found in the 
Supplementary Material.
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8. Further development and perspective

The main goal of the COSMICA project was to revise the Monte-
Carlo SDE numerical implementation, applied to GCR solar modulation 
propagation problem, applying the most advanced and efficient pro-
gramming techniques on the GPU. The physical model analyzed has 
the peculiarity to be compute-bound rather than memory-bound on 
the GPU. This was achieved by the choice, at design level, to support 
in actual code analytical or semi analytical description for the PTE 
terms. For the sake of completeness, it should be noted that a different 
implementation, allowing for a MHD description of the heliosphere, 
would invalidate our solution and push toward a more memory-bound 
execution. That would mandate a different and more tailored algorithm 
able to limit the amount of memory accesses to the global memory, for 
instance by leveraging CUDA’s shared memory.

Nevertheless, with the current code, it is already possible to design 
interesting tests for GCR propagation model. Works from Corti et al. 
(2023) and Della Torre et al. (2025) represent examples of problems 
that can be issued by COSMICA: in the first case, the correlation 
among diffusion parameters were explored for a specific Bartel rotation 
proton spectra measured by AMS-02; the second work explored a single 
parameter of the PTE but fitting separately each energy bind during five 
selected Forbush decrease events. Thanks to the COSMICA speedup, we 
would be able in future works to extend these studies including helium 
nuclei and other GCR nuclei in the global fitting, as well as increasing 
the number of parameters to be studied for time dependent correlation 
effects decreasing, at the same time, the degree of freedom by including 
more data from different detectors.

9. Conclusions

In this work, we have introduced COSMICA, a novel GPU-accele-
rated SDE Monte Carlo solver specifically designed for the numer-
ical modeling of GCR transport in the heliosphere. While previous 
implementations of GPU-enabled transport solvers have successfully 
demonstrated the feasibility of accelerating SDE techniques, they have 
often prioritized the exploration of physical scenarios over a systematic 
optimization of computational performance. Our contribution delib-
erately shifts this focus by addressing the architectural, algorithmic, 
and software design aspects that maximize the efficiency of large-scale 
simulations on modern GPU platforms.
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The development of COSMICA relied on several key strategies: 
(i) adopting a register-conscious kernel design that balances occu-
pancy and throughput while avoiding register spilling; (ii) implement-
ing a hybrid memory management scheme that exploits both constant 
memory caching and read-only data caches to reduce latencies in 
parameter-intensive workloads; (iii) utilizing single-precision intrinsics 
to enhance execution speed while maintaining sufficient numerical 
accuracy for modulation studies; and (iv) introducing a particle re-
ordering and scheduling mechanism that enables efficient scaling across 
multiple GPUs. Together, these choices allow COSMICA to sustain high 
performance on both enterprise-grade and consumer-grade hardware, 
thereby democratizing access to computationally demanding helio-
spheric simulations. An important characteristic of COSMICA is that its 
performance is primarily compute-bound, rather than memory-bound. 
Consequently, it does not necessitate large amounts of GPU memory, 
which is often the primary factor influencing the cost of enterprise-
grade GPUs. Instead, optimal performances are achieved through a high 
number of SMs and clock frequencies, making these hardware attributes 
significantly more relevant for COSMICA.

The benchmarking campaign has demonstrated that COSMICA sen-
sibly reduces the runtime. Simulations that previously required weeks 
of execution on high-end clusters can now be completed within hours, 
opening the possibility for systematic parameter scans, sensitivity anal-
yses, and time-dependent modeling across extended solar cycles. Im-
portantly, the scalability of COSMICA across multiple GPUs confirms its 
potential to support intraday analyses and large-scale ensemble studies 
that are of increasing relevance for space weather forecasting and the 
assessment of radiation environments for space missions.

Beyond its immediate computational advantages, COSMICA has 
been designed with modularity and extensibility in mind. Its archi-
tecture allows for the seamless integration of alternative heliospheric 
models, transport coefficients, and numerical schemes, ensuring that 
the code will remain adaptable to future scientific challenges. This 
design philosophy also facilitates its application to a broader class 
of astrophysical and plasma transport problems beyond cosmic rays, 
wherever SDE–Monte Carlo methods are appropriate.

In conclusion, COSMICA provides a high-performance, flexible, and 
open-source framework that bridges the gap between state-of-the-art 
physics modeling and the computational efficiency required for sys-
tematic studies. The work presented here constitutes the first part of 
a two-paper series: this first installment has outlined the code design, 
optimization strategies, and performance benchmarks, while the forth-
coming companion paper will focus on the validation of COSMICA
against benchmark physical models and observational data. Taken 
together, these contributions establish COSMICA as both a scientif-
ically reliable and computationally powerful tool for advancing our 
understanding of cosmic-ray modulation in the heliosphere.
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