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 A B S T R A C T

We present preliminary performance results of gPLUTO, the new GPU-optimized implementation of the
PLUTO code for computational plasma astrophysics. Like its predecessor, gPLUTO employs a Eulerian finite-
volume formulation to numerically solve the equations of magnetohydrodynamics (MHD) in multiple spatial 
dimensions. Still, this new implementation is a complete rewrite in C++ and leverages the OpenACC 
programming model to achieve acceleration on NVIDIA GPUs. While a more comprehensive description of 
the code and its several other modules will be presented in a future paper, here we focus on some preparatory 
results that demonstrate the code potential and performance on pre exa-scale parallel architectures.
. Introduction

Magnetohydrodynamics (MHD) simulations play a pivotal role in 
nderstanding a vast range of complex physical phenomena. In the 
ontext of astrophysical processes, these include the formation and 
volution of planets (Lesur, 2021), stars (Teyssier and Commerçon, 
019), and galaxies (Zhang, 2018), the acceleration of high-energy 
articles (Lazarian et al., 2012; Amato and Blasi, 2018), and the multi-
avelength emission associated to the activity of compact objects 
uch as black holes (Narayan, 2005) and neutron stars (Faber and 
asio, 2012; Uzdensky and Rightley, 2014). There are also numerous 
errestrial applications that exploit the predictive power of the MHD 
ramework, such as nuclear fusion (Knaepen and Moreau, 2008; In-
hirami et al., 2016), space weather predictions (Shibata and Magara, 
011), and plasma confinement (Doyle et al., 2007).
The computational demands of MHD simulations are inherently tied 

o the need to describe at once spatial and temporal scales that often 
pan many orders of magnitude. The ability to resolve phenomena oc-
urring at scales much smaller than the typical size of the global system 
e.g., the turbulent structures in the plasma constituting an accretion 
isk or a jet propagating through the interstellar medium) plays a cru-
ial role in enabling a far deeper understanding of their properties and 
llowing more accurate predictions of their observational/experimental 

I This article is part of a Special issue entitled: ‘HPC in Cosmology and Astrophysics’ published in Astronomy and Computing.
∗ Corresponding author.
E-mail address: marco.rossazza@unito.it (M. Rossazza).

signatures. Prime examples in the past decade of the qualitative impact 
of higher computational efficiency in multi-dimensional astrophysical 
MHD simulations include models of stellar explosions (Mezzacappa, 
2023; Janka, 2025), dynamo processes (Charbonneau, 2020; Del Zanna 
et al., 2022), and accretion/ejection of matter around central compact 
objects (Mayer, 2019; Cattorini and Giacomazzo, 2024). In recent years, 
the field of high-performance computing has witnessed a transforma-
tive shift thanks to the advent of Graphics Processing Units (GPUs) that 
offer massive parallelism and computational capabilities. The use of 
GPUs in scientific computing has indeed opened up new frontiers in 
numerical simulations, enabling researchers to explore complex physi-
cal systems at unprecedented resolutions and speeds. Notable examples 
are the Eulerian codes H-AMR (Liska et al., 2022), IDEFIX (Lesur et al., 
2023), AthenaK (Stone et al., 2024), ECHO (Del Zanna et al., 2024), 
and AsterX (Kalinani et al., 2025).

In this paper, we present the latest noteworthy advancements in the 
development of the GPU-ready version of the PLUTO code (Mignone 
et al., 2007, 2012b) for modeling astrophysical plasmas. PLUTO has 
been widely used by hundreds of researchers in the astrophysical com-
munity over the past two decades. Owning to the variety of physical 
modules provided (i.e., from classical to relativistic flows, ideal and 
non-ideal dynamics, different geometries, and equations of state), the 
ttps://doi.org/10.1016/j.ascom.2026.101076
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code has been employed in very different astrophysical contexts, rang-
ing from high-energy astrophysics (Mignone et al., 2010a, 2013; Mattia 
et al., 2023; Pavan et al., 2023) to young stellar objects (Orlando et al., 
2011), supernova remnants (Olmi et al., 2018; Olmi and Bucciantini, 
2019; Orlando et al., 2019, 2020), plasma physics (Bodo et al., 2022; 
Bugli et al., 2025), planet formation (Lesur, 2021; Flock and Mignone, 
2021), and solar physics (Réville et al., 2015; Perri et al., 2018), to 
name just a few.

The new GPU-accelerated implementation of the code, gPLUTO
(https://gitlab.com/PLUTO-code/gPLUTO), is a complete C++ rewrite 
of the legacy code (https://plutocode.ph.unito.it), which employs the 
OpenACC programming model to harness the vast computing power 
and energetic efficiency of modern GPU architectures, offering signifi-
cant advantages in terms of computational speed, power consumption, 
and cost-effectiveness. gPLUTO has superseded the PLUTO code, which 
will no longer receive updates. OpenACC was selected for gPLUTO
primarily due to the direct support provided by NVIDIA and the model’s 
intrinsic simplicity relative to low-level frameworks. Its directive-based 
nature enables a minimally intrusive, incremental porting strategy that 
preserves the original codebase structure while significantly lowering 
the development effort. Switching to C++ is justified by the need to 
take advantage of specific language extensions such as function tem-
plates, classes and polymorphism. gPLUTO keeps the strengths of the 
previous versions, such as stability, versatility, and user-friendliness, 
while also giving access to the most recent high-performance com-
puting resources. This work outlines the code’s fundamental design 
principles and the remarkable results achieved in terms of simulation 
performance, while a more comprehensive description of the new code 
and all of its physical modules will appear in a future manuscript.

In this work we present the technical details of gPLUTO by intro-
ducing its underlying algorithmic framework, data management and 
parallelization strategies, and implementation solutions. We also show-
case a series of benchmark tests, highlighting the code’s effectiveness in 
reproducing them as well as its notable performance. This paper has a 
companion, complementary paper that focuses on the Lagrangian Par-
ticles module integration and its GPU offloading (Suriano et al., 2025). 
The paper is organized as follows: in Section 2, we briefly recap the 
equations of MHD and the finite volume framework. In Section 3, we 
illustrate technical aspects concerning the OpenACC implementation, 
while in Section 4, we show the parallel performance on two standard 
use cases. Finally, we draw our conclusions in Section 5.

2. Numerical methods

2.1. MHD equations

Following its predecessor (Mignone et al., 2007, 2012b), gPLUTO
is designed to solve a variety of systems of conservation laws, 
𝜕
𝜕𝑡

+ ∇ ⋅ 𝖳 =  , (1)

where   is an array of conservative quantities, 𝖳 is a flux tensor and 
defines the source terms, which accounts, e.g., for geometrical source 
terms, gravity and rotational effects. Explicit expressions may be found, 
for instance, in Mignone et al. (2007, 2012a) and Mignone (2014).

Although different sets of equations may be solved, for the present 
purpose, we only focus on the single fluid classical MHD equations: 
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where 𝜌 is the fluid density, 𝐯 is the fluid velocity, 𝐁 is the magnetic 
field vector, 𝑝𝑡 = 𝑝 + 𝐁2∕2 is the total (thermal + magnetic) pressure 
and 

 =
𝑝

+
𝜌𝐯2

+ 𝐁2
, (3)
𝛤 − 1 2 2

2 
is the total energy density comprising thermal, kinetic and magnetic 
contributions. In Eq. (3) we have assumed an ideal equation of state 
with adiabatic index 𝛤 .

The divergence-free constraint, ∇ ⋅ 𝐁 = 0, is not automatically pre-
served by the underlying discretization method and must be specifically 
enforced. To this purpose, the code allows different algorithms to be se-
lected, including include Powell’s eight wave formulation (Powell et al., 
1999), divergence cleaning (Dedner et al., 2002; Mignone et al., 2010b) 
and the constrained transport method (see Evans and Hawley, 1988; 
Balsara and Spicer, 1999) in the more recent formulation by Mignone 
and Del Zanna (2021).

Relativistic and non-ideal extensions of the previous equations will 
be described in a forthcoming work.

2.2. Discretization

We employ a Cartesian coordinate system with axes defined by the 
unit vectors 𝐞̂𝑥 = (1, 0, 0), 𝐞̂𝑦 = (0, 1, 0) and 𝐞̂𝑧 = (0, 0, 1). A uniform 
mesh with coordinate spacing 𝛥𝑥, 𝛥𝑦 and 𝛥𝑧 is assumed to cover the 
computational domain.

gPLUTO employs a finite volume (FV) framework to evolve cell-
averaged conservative variables in time, given specified initial and 
boundary conditions. The FV method is based on the integral form of 
the governing differential equations, obtained by integrating Eq. (1) 
over a control volume corresponding to a single computational zone. 
Integrating over space within a single cell yields the semi-discrete form 
of the conservation equations: 
𝑑 ⟨ ⟩𝒄

𝑑𝑡
= − 𝛥𝑡

𝛥𝑥

(

𝐹𝑖+ 1
2 ,𝑗,𝑘

− 𝐹𝑖− 1
2 ,𝑗,𝑘

)

− 𝛥𝑡
𝛥𝑦

(

𝐺̂𝑖,𝑗+ 1
2 ,𝑘

− 𝐺̂𝑖,𝑗− 1
2 ,𝑘

)

− 𝛥𝑡
𝛥𝑧

(

𝐻̂𝑖,𝑗,𝑘+ 1
2
− 𝐻̂𝑖,𝑗,𝑘− 1

2

)

,

(4)

where 𝒄 = (𝑖, 𝑗, 𝑘) is a short-hand notation for a single computational 
cell centered at (𝑥𝑖, 𝑦𝑗 , 𝑧𝑘), {𝑖, 𝑗, 𝑘} is a triplet of zone indices in the 
three coordinate directions while cell interfaces are located at 𝒄 ±
𝐞̂𝑥∕2, 𝒄 ± 𝐞̂𝑦∕2,  and 𝒄 ± 𝐞̂𝑧∕2 in the three directions, respectively.
gPLUTO also supports cylindrical and spherical coordinates using the 
same approach presented in Mignone (2014) and we remind to a future 
work for a more general discussion.

In Eq. (4), ⟨ ⟩𝒄 represents the volume-averaged conserved quan-
tities within each cell, while 𝐹 , 𝐺̂, and 𝐻̂ are the surface-averaged 
numerical fluxes across the corresponding cell interfaces, computed via 
a Riemann solver.

At the numerical level, Eq. (4) is treated as a system of ordinary 
differential equations (ODEs) in time, and discretized using a strong-
stability-preserving (SSP) Runge–Kutta (RK) method (Shu and Osher, 
1988). For example, a third-order SSP Runge–Kutta scheme proceeds 
as: 
⟨ ⟩

∗ = ⟨ ⟩

𝑛 + 𝑛

⟨ ⟩

∗∗ =
3 ⟨ ⟩

𝑛 + ⟨ ⟩

∗ + ∗

4

⟨ ⟩

𝑛+1 =
⟨ ⟩

𝑛 + 2 ⟨ ⟩

∗∗ + ∗∗

3
,

(5)

where, for brevity, the cell index subscript 𝒄 has been omitted. In 
the expression above, 𝑛 ≡ (⟨ ⟩

𝑛) represents the right-hand side of 
Eq. (4), evaluated using the solution at time level 𝑛, and similarly for 
∗ and ∗∗ at intermediate stages.

For each Runge–Kutta stage, the right-hand side  is typically 
computed by first performing a reconstruction step, in which zone-
centered primitive variables are extrapolated to cell interfaces. For 
instance, in the 𝑥-direction: 
𝐿

1 = +
𝑥 (𝒄 ) , 𝑅

1 = −
𝑥 (𝒄 ) (6)
𝑖+ 2 𝑖− 2
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where ±
𝑥  denotes a non-oscillatory, high-order polynomial reconstruc-

tion operator (see, e.g., Colella and Woodward, 1984; Suresh and 
Huynh, 1997; Borges et al., 2008), applied in the positive (+) or 
negative (−) 𝑥-direction.

Here, 𝒄 = {𝜌, 𝐯, 𝐁, 𝑝} represents the array of primitive variables 
(density, velocity, magnetic field, and pressure), which are preferred 
over conservative variables during the reconstruction process. This 
choice is made because primitive variables typically exhibit smoother 
variations across the computational domain — except at shocks or 
contact discontinuities — thereby reducing numerical errors and miti-
gating spurious oscillations near sharp gradients. Employing primitive 
variables during reconstruction helps limit the occurrence of unphysical 
states, such as negative pressures, especially in regions near strong gra-
dients. In MHD, primitive variables are recovered from the conservative 
ones via straightforward inversion: 

𝐯 =
𝜌𝐯
𝜌

, 𝑝 = (𝛤 − 1)
(

 −
𝜌𝐯2
2

− 𝐁2

2

)

(7)

where 𝛤  is the adiabatic index, and  is the total energy density.
The reconstructed values at cell interfaces serve as input states to 

the Riemann solver, which computes a stable, upwinded numerical flux. 
For example: 

𝐹𝑖+ 1
2
=

𝐹 (𝐿
𝑖+ 1

2

) + 𝐹 (𝑅
𝑖+ 1

2

)

2
−𝑖+ 1

2
⋅
(

 𝑅
𝑖+ 1

2
− 𝐿

𝑖+ 1
2

)

(8)

where  is a dissipation matrix whose form depends on the specific 
Riemann solver employed. The subscripts 𝑗 and 𝑘 have been omitted 
here for clarity, as the context is now unambiguous.

Magnetic fields can be evolved either in a zone-centered formal-
ism, as described so far, or using the constrained transport (CT) 
method (Evans and Hawley, 1988; Londrillo and del Zanna, 2004). 
The advantage of CT is its ability to maintain the divergence-free 
condition for the magnetic field to machine precision throughout the 
simulation. Further details on the numerical implementation can be 
found in the original PLUTO code paper (Mignone et al., 2007), and 
in recent developments related to CT techniques in Mignone and Del 
Zanna (2021).

As its predecessor, gPLUTO offers a variety of algorithms with 
different levels of accuracy and computational cost to choose from. 
In the present work, we employ the third-order SSP Runge–Kutta 
time-stepping scheme (Eq. (5)), combined with either parabolic re-
construction (Mignone et al., 2005) or the WENOZ reconstruction 
method (Borges et al., 2008).

3. PLUTO design for GPUs

Modern Graphics Processing Units (GPUs) are specialized, highly 
parallel processors that have become cornerstones of high-performance 
scientific computing. Their computational power originates from an 
architecture containing hundreds or thousands of simple cores designed 
to execute the same instruction simultaneously across large sets of 
data. This paradigm makes GPUs exceptionally efficient for algorithms 
characterized by high data parallelism, such as the mesh-based solvers 
used in our work. Computations are offloaded from the host CPU to 
the GPU (called in this context device or accelerator) by launching 
functions called kernels, which are managed and executed by the 
device’s hardware scheduler. The execution is organized hierarchically. 
A thread is a single stream of instructions of that runs in parallel 
with other threads and is mapped to the GPU cores. Individual threads 
that execute the same instruction are grouped into warps and multiple 
warps are contained in blocks, that are scheduled for execution on 
the GPU’s fundamental hardware units, the Streaming Multiprocessors 
(SMs). Each SM is an independent multiprocessor containing its own 
execution cores, scheduler, and a high-speed shared memory, allowing 
it to execute one or more thread blocks concurrently.
3 
3.1. OpenACC

The programming model chosen for GPU porting of PLUTO is 
OpenACC, a simpler and higher-level alternative to CUDA. OpenACC 
is a directive-based programming model for GPU computing developed 
by Cray, CAPS, NVIDIA, and PGI in 2011. It relies on information 
provided by the programmer to the compiler through directives, library 
routines, and environment variables. These annotations instruct the 
compiler in porting the code to the device. The complex and low-
level aspect of the parallelization is left to be handled by the compiler, 
facilitating the user’s work. Another advantage of choosing a directive-
based approach is interchangeability, an important feature allowing the 
code to be compiled and run, ignoring the OpenACC directives, making 
it suitable for both CPU and GPU computing. For every GPU-accelerated 
application, the computing work is divided among CPUs and GPUs. In 
this context, ‘‘host’’ refers to the primary processor in a system (the 
CPU) while the ‘‘device’’ refers to the secondary processor (the GPU) 
responsible for the acceleration.

In broad terms, in gPLUTO the entire computational workload is 
handled by the GPUs, while the CPUs oversee overall system opera-
tions, including running the operating system, managing system mem-
ory, and handling I/O operations. Data movement is strictly limited 
to two scenarios: staging data to the host for disk output at specified 
intervals, and exchanging boundary conditions between sub-domains. 
For the latter, the implementation leverages CUDA-aware MPI, which 
accepts device pointers directly. This bypasses the host memory during 
halo exchanges and enables direct data transfer between GPUs across 
nodes. The reason for this strict division is performance. Executing all 
the computations on the device permits, in fact, the exploitation of its 
potential without introducing data movement between the memories 
of the two processors. The alternate use of host and device would 
introduce memory copies to assure coherence between data and, hence, 
correct results. OpenACC directives are indicated with the keyword 
pragma followed by the acc sentinel, the directive itself, and optional 
clauses: 
#pragma acc < directive > < clause , clause >

The directive is applied to the instruction, loop, or structured code 
block that follows. The base approach when accelerating an appli-
cation with OpenACC is using compute directives (we mainly use 
parallel loop) that indicate to the compiler regions of the code to 
execute on the device, the kernels. Data directives, on the other hand, 
such as enter data copyin and exit data delete, permit explicit 
control of the data movement. This is crucial since, in many cases, the 
performance of the kernels is limited by the memory bandwidth of the 
device, and thus, reducing the amount of data needed to be moved gives 
a huge benefit.

3.2. Compute directives

A typical compute construct ofgPLUTO is reported in Fig.  1, where 
NX, NY, NZ define domain size, data->Vc is the array of the primitive 
quantities (i.e., density, pressure and velocities), that contains NVAR 
physical quantities for each point of the 3-dimensional domain.

The first directive is at the core of the acceleration of the appli-
cation: #pragma acc parallel loop directive tells the compiler to 
parallelize the loop, distributing its iterations across the threads of 
the target accelerator. The loop body is then executed concurrently, 
significantly improving the performance of the code. The collapse(3) 
clause applies in this case to three tightly nested loops. Hence, the 
compiler treats the construct as a single loop of NX x NY x NZ itera-
tions. This makes it easier for the compiler to map the construct onto 
the device’s computing resources, potentially improving parallelization 
efficiency. The present clause implies that data is already present on 
the GPU and that a copy from the main memory is not necessary. If this 
is not true a fatal error at the execution would be generated.
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Fig. 1. Kernel accelerated with a compute directive.

The innermost loop, over NVAR elements, is marked with seq, mean-
ing that the operation on different values of nv is executed sequentially 
by the same thread. Note that while parallelization of this inner loop 
could be possible, it usually tends to lower the performance, as the 
number of variables NVAR is typically much smaller than the number of 
grid points. Moreover, having the threads corresponding to loops with 
many iterations makes sense for optimal utilization and memory access 
(see Section 3.3).

3.3. Memory management

To manage data transfer to the device in gPLUTO, we combine 
explicit OpenACC data directives with CUDA Unified Memory, enabled 
via the compile-time flag -gpu=managed. Unified Memory provides a 
shared address space accessible by both the CPU and GPU through a 
single pointer, making it particularly suitable for dynamically allocated 
data. In most cases, the NVIDIA driver automatically handles data 
movement. However, we employ explicit data directives to ensure 
correct deep copying of structured and nested data that are widely used 
within the code.

GPUs employ various techniques to hide memory latency that can 
represent an important performance bottleneck. Most of these tech-
niques, such as warp scheduling1 and prefetching2 are handled by the 
device itself but the programmer can actively act on other important 
aspects such as coalesced memory access.

Coalesced memory access. Coalesced memory access is a memory access 
pattern in parallel computing, particularly on GPUs, where multiple 
threads access consecutive or contiguous memory locations in a single 
memory transaction. This pattern is essential for achieving efficient 
memory bandwidth utilization and improving the overall performance 
of parallel applications. In the pseudo-code of Fig.  1, coalesced memory 
access is achieved, granting optimal parallelization. Here, consecutive 
values of the index i correspond to consecutive threads but also to adja-
cent memory access (i is the fastest index of data->Vc). The advantage 
of this memory pattern can be traced back to the thread memory 
access. When a thread needs data for an operation, it receives access to 
many adjacent memory locations. Neighbor threads can be exploited 
immediately if they need data received in this memory transaction, 
hence the advantage of them accessing adjacent memory locations.

1 When some threads within a warp need to access memory, the scheduler 
can switch to other warps with active threads, allowing the GPU to continue 
executing instructions without waiting for the memory access to complete.

2 GPUs can predict and preload data into caches before it is actually needed, 
reducing the time it takes to fetch the data when it is required by the 
computation.
4 
Fig. 2. Computation of the right-hand side contribution along the 𝑥-direction.

C++ classes. Optimal memory access pattern is one of the main reasons 
behind the profound change of many arrays of the code together 
with the migration to C++. We introduced classes to manage memory 
for multi-dimensional arrays, replacing the legacy pointer-to-pointer 
approach with flattened, contiguous memory blocks. This abstraction 
hides index arithmetic and encapsulates memory layout strategies, 
allowing element ordering to adapt automatically based on the array 
type or OpenACC compilation flags. We now discuss a technique we 
adopted widely, using the class for 2D arrays to improve memory 
access.

In Fig.  2 rhs is a 2D array of size NX x NVAR created from the
single, contiguous block of memory d->sweep.rhs of size
NX x NY x NZ x NVAR, exploiting the discussed class method and based 
on an offset defined by j and k. This assures that each thread writes 
on a unique memory address (privatization3), which is necessary to 
grant correct results. Moreover, class definition assures that neighbor-
ing threads corresponding to consecutive values of i access adjacent 
memory locations.

Then, when computing the 𝑦-direction contribution, the same tech-
nique is applied to the same memory pool d->sweep.rhs, changing 
the order of write and access to the elements to obtain again optimal 
access pattern again. Other arrays such as Vc and Uc have fixed 
ordering: i,j,k,nv in order of decreasing index speed.
Template function. Another useful feature of C++ that has been adopted 
is function templates. Many kernels operate on arrays whose indexing 
depends on the direction of integration, which can vary at runtime. This 
runtime variability prevents the compiler from knowing in advance 
which registers will be needed, often resulting in these variables being 
placed in slower memory spaces such as local or shared memory instead 
of registers. By using templated functions, we can specialize the code 
based on template parameters—in our case, the integration direction
dir. This enables the compiler to inline the specialized functions 
and propagate constant values, eliminating branches and improving 
performance. Fig.  3 shows an example of the Riemann solver with dir
as a template parameter. In this case, the array v can be allocated in 
registers at compile time.

3.4. Multi GPU communication

Multi-process communication at each time step is necessary in
gPLUTO to assure correct results when the domain is split between 
processes. Communication is based on the message passing interface 
(MPI) protocols. While in PLUTO the data exchange was based on 

3 Thread privatization is the process of giving each thread within a kernel 
its own private copy of a variable, ensuring that parallel computations do not 
interfere with each other by creating race conditions.
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Fig. 3.  Templated Riemann Solver. Three version of the routine are compiled 
with different values of the direction of integration dir: IDIR, JDIR, KDIR.

the library ArrayLib (Mignone et al., 2012), it has here been rewrit-
ten using a more basic scheme based on standard buffer arrays and 
MPI_Isend/MPI_Irecv calls. To exploit the characteristics of GPUs, 
we employ an asynchronous approach for data exchange. This requires 
each processor to communicate potentially simultaneously with its 8 
neighbors in 2D or 26 neighbors in 3D (this includes also nearby pro-
cessors in the diagonal directions, necessary for various algorithms such 
as Constrained Transport with UCT methods Mignone and Del Zanna, 
2021). The pseudo-code in Fig.  4 describes the dedicated routine, 
considering one direction of exchange (IDIR).

Initially, the code initializes non-blocking receives (MPI_Irecv) 
to get data from neighboring processes. Then, data to be sent to neigh-
boring processes are packed into buffers allocated with acc_malloc,4 
and each kernel has an async clause with a different number: each 
kernel is independent, and they could ideally run at the same time 
on distinct streams (sequences of operations). After the code initializes 
non-blocking send calls (MPI_Isend) to send data to neighboring 
processes and then it waits for all receive operations to complete. When 
this happens, the received data is unpacked into the appropriate vari-
ables, again concurrently for each recv_buf. Finally, it waits for all 
non-blocking send operations to complete and ensures all asynchronous 
operations on the GPUs are terminated before proceeding.

4. Numerical tests and discussion

Here, we present numerical benchmarks conducted on CPU and 
GPU based partitions of three different HPC platforms: MareNostrum 5 
Accelerated Partition (GPU), Leonardo Booster (GPU), MeluXina GPU 
nodes (GPU), and Leonardo DCGP (CPU). Every run is performed 
employing the entire computational power of each node, meaning 4 
GPUs per node on GPU partitions and 112 CPU-cores on Leonardo 
DCGP.

Leonardo is hosted by Cineca and has two main partitions: Booster 
module and Data-centric General Purpose (DCGP) module. The Booster 
partition is equipped with Atos BullSequana X2135 ‘‘Da Vinci’’ single-
node GPU blade with four NVIDIA Ampere GPUs/node (64GB HBM2e). 

4 OpenACC function that allocates memory directly in the accelerator’s 
global memory.
5 
Fig. 4. Asynchronous implementation of the parallel data exchange routine.

The DCGP module has instead Atos BullSequana X2140 three-node 
CPU blade, with dual socket 56-core Intel Sapphire Rapids Intel Xeon 
Platinum 8480+. MeluXina belongs to LuxProvide and the GPU nodes 
provide Atos BullSequana XH2000 platform with four NVIDIA Ampere 
GPUs (40GB HBM). Finally, MareNostrum 5 is at the Barcelona Super-
computing Center (BSC), and the Accelerated Partition (ACC) we used 
is a BullSequana XH3000 model with four NVIDIA Hopper GPUs (64GB 
HBM2). See Table  1 for a summary of the systems specifics.

The two chosen benchmarks are a 3D Orszag–Tang vortex Sec-
tion 4.1 (which involves propagation of discontinuities) and a 3D 
circularly polarized Alfvén wave test Section 4.2 (which presents a 
smooth wave propagation problem).

4.1. 3D Orszag–Tang vortex

The first benchmark is a 3D version of the well-known Orszag–Tang 
test problem, with a similar to that of Helzel et al. (2011). We consider 
a periodic Cartesian domain of size 𝐿𝑥 = 𝐿𝑦 = 𝐿𝑧 = 1 with constant 
initial pressure 𝑝 = 5∕3 and density 𝜌 = 25∕9. Velocity and magnetic 
field are initialized as follows 
𝐯 = −𝜁 (𝑧) sin(2𝜋𝑦)𝐞̂𝑥 + 𝜁 (𝑧) sin(2𝜋𝑥)𝐞̂𝑦 + 0.2 sin(2𝜋𝑧)𝐞̂𝑧 ,
𝐁 = − sin(2𝜋𝑦)𝐞̂𝑥 + sin(4𝜋𝑥)𝐞̂𝑦 ,

(9)

where 𝜁 (𝑧) = 1 + sin(2𝜋𝑧)∕5. Computations are stopped at 𝑡 = 0.5 and 
the test employs the HLLD Riemann solver (Miyoshi and Kusano, 2005), 
WENOZ reconstruction (Borges et al., 2008), and the 3rd-order Runge–
Kutta (RK3) time-stepping scheme. All computations are performed in 
double-precision arithmetic.
Results validation. Numerical correctness of the benchmark on gPLUTO
was verified by ensuring that maximum and minimum flux quantities, 
as well as the maximum Mach number, matched the legacy code to 
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Table 1
Summary of computational hardware resources utilized.
 Detail Leonardo MeluXina MareNostrum 5  
 Booster DCGP GPU ACC  
 Proprietary company CINECA LuxProvide BSC  
 Active from year 2022 2021 2023  
 Node model BullSequana X2135 BullSequana X2140 BullSequana XH2000 BullSequana XH3000  
 CPUs (per node) Intel Ice Lake 8358 2x 56-core Intel Sapphire 

Rapids 8480+ 
2x AMD EPYC Rome 7452 2x Intel Sapphire Rapids 8460Y+  

 GPUs (per node) 4x NVIDIA Ampere (64 GB 
HBM2e)

N/A (CPU-only) 4x NVIDIA Ampere (40 GB 
HBM)

4x NVIDIA Hopper (64 GB HBM2) 
Table 2
Weak scaling resolution (per node) for the 3D Orszag–Tang test.
 System Resolution per node 
 Leonardo Booster 704 × 704 × 352  
 Leonardo DCGP 704 × 704 × 350  
 MareNostrum 5 ACC 704 × 704 × 352  
 MeluXina GPU nodes 512 × 512 × 512  

sixteen decimal places. Additionally, a visual comparison of the density 
profile at 𝑡 = 0.5 in (𝑦 = 0.3, 𝑧 = 0.5) is displayed in the lower 
panel of Fig.  5 while the upper panel reports the correspondent density 
map. While numerical results are strictly consistent, CPU performance 
remains inconclusive; We conducted comparison tests with PLUTO
on various systems and the execution time ratio between the two 
codes fluctuates significantly around unity depending on the system 
architecture, necessitating further detailed analysis.
Weak scaling. We first assess the parallel performance using weak scale 
metric, implying that grid resolution per node — reported in Table  2 — 
is kept constant. For these runs, we employ the constrained transport 
method (with UCT HLLD average, Mignone and Del Zanna, 2021) to 
enforce the divergence-free condition of magnetic field. On the GPU 
partitions, we chose a resolution that maximized device occupancy 
to achieve the best performance. A 704 × 704 × 352 resolution was 
used to nearly fill the device memory on both Leonardo Booster and 
Marenostrum 5 ACC. A lower resolution was necessary for MeluXina to 
accommodate its smaller GPU memory. The runs on Leonardo DCGP 
used a slightly different resolution to allow for domain decomposition 
across 112 processes while maintaining a nearly identical computa-
tional load per process as: 𝑁t,CPUnode

𝑁t,GPUnode
∼ 0.99, with 𝑁t the total number 

of grid points.
Fig.  6(a) presents the parallel efficiency expressed as the ratio of 

the wall clock times on 1 node and 𝑁 nodes, 𝑇1∕𝑇𝑁 . We have repeated 
the test on all 4 HPC systems up to 32, 128, 256 and 512 nodes for 
MeluXina GPU, Leonardo DCGP, MareNostrum 5 ACC and Leonardo 
Booster respectively. Among the tested systems, MareNostrum 5 ACC 
delivered the best results, maintaining a parallel efficiency above 95% 
even at 256 nodes. On Leonardo Booster, we scaled up to 512 nodes, 
achieving 88% efficiency at the largest scale. In contrast, MeluXina GPU 
nodes showed a steeper efficiency drop, reaching 91% at just 32 nodes. 
The CPU runs on Leonardo DCGP maintain an efficiency above 95% 
for up to 64 nodes, but this value drops to 84% at 128 nodes. Further 
investigation of the reasons for this low efficiency at 128 nodes will be 
needed.

In Fig.  6(b), we show the corresponding performance of the weak 
scaling runs, measured in terms of the number of cells updated per 
second per node (computed as the number of grid points multiplied by 
the number of time steps divided by the execution time and the number 
of nodes).

From the same runs we retrieved the acceleration factors between 
runs on the Leonardo Booster and those on Leonardo DCGP. Note in 
the table in Fig.  6(c) that CPU runs were approximately 9 times slower 
than GPU runs.
6 
(a) 

(b) 

Fig. 5. Upper panel: 2D Density map at 𝑡 = 0.5 and in 𝑧 = 0.5 (gPLUTO). 
Lower panel: Density profile at 𝑡 = 0.5 in (𝑦 = 0.3, 𝑧 = 0.5) comparing PLUTO
and gPLUTO.

Strong scaling. We then present, in Fig.  7, strong scaling performance 
results of gPLUTO, obtained by repeating the test using the divergence 
cleaning method for the control of the magnetic field divergence. This 
allowed for choosing a slightly larger grid than that used in the weak 
scaling test because this algorithm requires less device memory than 
the constrained transport method (Table  3). In this test, the domain 
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(a) Weak scaling efficiencies.

(b) Performance values.

(c) CPU–GPU comparison on Leonardo DCGP (4 A100 GPUs per 
node) and Booster partition (112 Intel Xeon 8480+ CPUs cores per 
node), respectively.

Fig. 6. Parallel Efficiencies (a), Performance (b) and CPUs to GPUs accelera-
tion (c) of weak scaling runs with the 3D Orszag–Tang setup on MareNostrum 
5 ACC, MeluXina GPU nodes and Leonardo (Booster and DCGP).

size remains fixed while the number of processes varies. As a result, 
GPU utilization is optimal in the initial runs but degrades, along with 
performance, as more nodes are employed. To address this effect, we 
performed six sets of four runs each, maintaining a fixed resolution 
7 
Fig. 7. Strong scaling speedup with the 3D Orszag–Tang setup on MareNos-
trum 5 ACC and Leonardo Booster.

as detailed in Table  3. The resolution was selected to ensure that the 
grid size nearly filled the GPU VRAM at the lowest node count within 
each group. We then successively doubled the number of nodes and 
processes three times per group, obtaining strong scaling efficiencies. 
The results obtained on MareNostrum 5 ACC and Leonardo Booster 
largely overlap, with average efficiencies of the runs at higher numbers 
of nodes of each group at 0.90 and 0.89, respectively. Table  3 provides 
the exact scaling efficiencies, computed by comparing the measured 
values of speedup, plotted in Fig.  7, to the ideal ones that correspond 
to the red lines in figure (speedup = 1, 2, 4, 8).

4.2. 3D circularly polarized Alfvén

The propagation of circularly polarized Alfvén waves is a widely 
employed benchmark as it provides an exact nonlinear solution of the 
ideal MHD equations. Following Mignone and Tzeferacos (2010) and 
Mignone et al. (2010c), we rotate a wave propagating along the 𝑥 axis 
to obtain a 3D configuration, with an angle 𝛾 around the 𝑦 axis and 
an angle 𝛼 around the 𝑧 axis. The grid size is the same of Section 4.1 
for both strong and weak scaling. The domain is a Cartesian cube with 
𝐿𝑥 = 𝐿𝑦 = 1 and 𝐿𝑧 = 1∕2 with periodic boundaries. The initial speed 
𝐯 and magnetic field 𝐁 are chosen as 
𝐯 = 𝜖 sin(𝜙)𝐞̂𝑦 + 𝜖 cos(𝜙)𝐞̂𝑦 ,
𝐁 = 𝐞̂𝑥 + 𝜖 sin(𝜙)𝐞̂𝑦 + 𝜖 cos(𝜙)𝐞̂𝑧 ,

(10)

where 𝜖 = 0.1 is the wave amplitude, while 𝜙 = 𝐤 ⋅ 𝐱 with 𝐤 =
2𝜋(1∕𝐿𝑥, 1∕𝐿𝑦, 1∕𝐿𝑧). Density and gas pressure are initially constant 
and equal to 𝜌0 = 1.0 and 𝑝0 = 0.1, respectively. We employ an ideal 
equation of state with adiabatic index 𝛤 = 5∕3.

We solve the MHD equations using the RK3 scheme with WENOZ re-
construction and the HLLD Riemann solver. The divergence-free condi-
tion is enforced using divergence cleaning (for strong scaling) and con-
strained transport (for weak scaling) to differentiate the algorithms em-
ployed. All computations are performed in double-precision arithmetic. 
The tests have been performed on Leonardo Booster and MareNostrum 
5 ACC partitions, using the same grid resolution (Table  2) of 4.1,
Results validation. The wave period 𝑇  is given by: 

𝑇 = 1
√

, (11)

1 + tan2 𝛼 + tan2 𝛽
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Table 3
Strong scaling efficiencies with the 3D Orszag Tang setup on MareNostrum 5 
ACC and Leonardo Booster.
 Nodes MareNostrum efficiency Leonardo efficiency 
 Group 1, Base: 1 node, Resolution: 832 × 832 × 416
 1 1.00 1.00  
 2 0.98 0.98  
 4 0.97 0.97  
 8 0.94 0.93  
 Group 2, Base: 2 nodes, Resolution: 832 × 832 × 832
 2 1.00 1.00  
 4 0.99 0.99  
 8 0.96 0.96  
 16 0.94 0.92  
 Group 3, Base: 4 nodes, Resolution: 1664 × 832 × 832
 4 1.00 1.00  
 8 0.99 0.99  
 16 0.83 0.94  
 32 0.94 0.86  
 Group 4, Base: 8 nodes, Resolution: 1664 × 1664 × 832
 8 1.00 1.00  
 16 0.99 0.97  
 32 0.97 0.94  
 64 0.93 0.87  
 Group 5, Base: 16 nodes, Resolution: 1664 × 1664 × 1664
 16 1.00 1.00  
 32 0.93 0.95  
 64 0.91 0.94  
 128 0.89 0.87  
 Group 6, Base: 32 nodes, Resolution: 3328 × 1664 × 1664
 32 1.00 1.00  
 64 0.94 0.97  
 128 0.97 0.94  
 256 0.77 0.88  

Fig. 8. Plot of the 𝑥-component of magnetic field for the 3D Circularly 
polarized Alfvén wave along the 𝑥-axis. The continuous line represents the 
reference initial solution while 𝑥 markers show the magnetic field after one 
period T.

with tan 𝛼 = 𝑘𝑦∕𝑘𝑥 = 1, tan 𝛽 = 𝑘𝑧∕𝑘𝑥 = 2 (see Mignone and Tzeferacos, 
2010; Mignone et al., 2010c for more details).

We demonstrate the correctness of the test running a simulation 
for one period 𝑇  and showing the profile of the 𝐵𝑥 component of the 
magnetic field return to the initial condition (Fig.  8), but the same could 
have been done for each component of 𝐯 and 𝐁.
8 
Fig. 9. Weak scaling tests of circularly polarized Alfv́en waves on MareNos-
trum 5 ACC and Leonardo Booster.

Fig. 10. Strong Scaling speedup with the 3D Circularly Polarized Alfv́en setup 
on MareNostrum 5 ACC and Leonardo Booster.

Weak scaling. Fig.  9 presents the parallel efficiency expressed as the 
ratio of the wall clock times on 1 node and 𝑁 nodes, 𝑇1∕𝑇𝑁 . The 
efficiency decreases slightly as the number of nodes grows due to 
the increase in communications and physical distances between the 
devices. The best results are obtained, this time, with Leonardo with 
an efficiency of 0.97 for 256 nodes (1024 GPUs), while we obtain 0.95 
on MareNostrum 5.

Strong scaling. Strong scaling test results are presented in Table  4 and 
in Fig.  10. As for the Orszag–Tang test, six strong scaling tests are 
presented for four groups of runs with fixed resolution. As expected, the 
strong scaling efficiency slightly decreases as the number of nodes rises. 
Leonardo Booster’s results are marginally better than MareNostrum 
5 ACC for this test, with an average efficiency of 0.97 and 0.93, 
respectively.
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Table 4
Strong scaling tests with the 3D circularly polarized Alfv́en setup on MareNos-
trum 5 ACC and Leonardo Booster.
 Nodes MareNostrum 5 efficiency Leonardo efficiency 
 Group 1, Base: 1 node, Resolution: 832 × 832 × 416
 1 1.00 1.00  
 2 0.98 0.97  
 4 0.93 0.97  
 8 0.83 0.96  
 Group 2, Base: 2 nodes, Resolution: 832 × 832 × 832
 2 1.00 1.00  
 4 0.98 0.98  
 8 0.97 0.98  
 16 0.78 0.95  
 Group 3, Base: 4 nodes, Resolution: 1664 × 832 × 832
 4 1.00 1.00  
 8 1.00 0.99  
 16 0.94 0.95  
 32 0.84 0.95  
 Group 4, Base: 8 nodes, Resolution: 1664 × 1664 × 832
 8 1.00 1.00  
 16 0.97 0.98  
 32 0.95 0.97  
 64 0.81 0.96  
 Group 5, Base: 16 nodes, Resolution: 1664 × 1664 × 1664
 16 1.00 1.00  
 32 0.97 0.99  
 64 0.96 0.97  
 128 0.77 0.94  
 Group 6, Base: 32 nodes, Resolution: 3328 × 1664 × 1664
 32 1.00 1.00  
 64 0.96 0.99  
 128 0.87 0.97  
 256 0.87 0.94  

4.3. Code accuracy

Although the focus of this work is on assessing code performance 
on HPC platforms, we emphasize that the numerical accuracy of the 
code has already been extensively validated in prior studies. In par-
ticular, both the 2nd- and 4th-order algorithms have been carefully 
benchmarked by porting and reproducing all standard test problems 
presented in earlier works, achieving in most cases almost binary 
identical results.

These validation efforts include, among others, the cell-centered 
MHD methods of Mignone and Tzeferacos (2010), the UCT schemes 
of Mignone and Del Zanna (2021), and the genuinely fourth-order 
finite-volume algorithms described in Berta et al. (2024) for classi-
cal and relativistic ideal MHD, as well as in Mignone et al. (2024) 
for resistive relativistic MHD. We therefore refer the reader to the 
above references for a detailed discussion of the code’s accuracy and 
verification.

4.4. Energy efficiency

Energy efficiency for an application is defined as performance in 
Floating point Operations Per Second (FLOPS) per unit of power con-
sumption (Watt). The total energy consumed (in Joules) is approxi-
mated from power samples (in Watts) obtained at a specific sampling 
frequency (in Hertz) from a power monitoring system, as depicted in 
the following equation:

Energy(𝑡) = ∫

𝑡

0
Power(𝑡′)d𝑡′ ≈

∑𝑛
𝑖=0 𝑃𝑖

𝑓𝑠
,

where 𝑃𝑠  is 𝑖th power sample, 𝑓  is sampling frequency.
𝑖 𝑠

9 
4.4.1. Methodology
For energy measurements, we used GPU-accelerated nodes of the 

EuroHPC Karolina cluster (IT4Innovations, 2025) equipped with two 
AMD EPYC 7763 CPUs and eight NVIDIA A100-SXM4 GPUs. The energy 
consumption of the GPU is measured using performance counters of the 
GPU via NVIDIA Management Library (NVML) (NVIDIA Corp., 2025). 
For CPU, we use AMD RAPL (AMD, 2025; Schone et al., 2021). The 
power consumption of the remaining components of the compute node 
is estimated using a simple mathematical model (see Table  5).

To investigate the energy efficiency of the application, we have 
tuned the frequency of the GPUs’ Streaming Multiprocessors (SMs), 
which is analogous to the CPU core frequency. For this purpose, we 
use NVML function nvmlDeviceSetApplicationsClocks() that sets 
a specific clock speed of a GPU SMs. Since A100-SXM4 uses HBM2 
memory, its frequency cannot be tuned; on GPUs with GDDR memory, 
on the other hand, the frequency can be scaled using the same function.

We use static frequency tuning, meaning that a single GPU SMs fre-
quency is applied at the start of the application execution and remains 
constant until the end. The key advantage of static tuning is that it 
can be performed by a standard HPC job scheduler like SLURM (Yoo 
et al., 2003) or PBS (Nitzberg et al., 2004) at the job launch time. 
The disadvantage of this method is that the applied configuration 
may not be optimal for all executed kernels. Thus, dynamic tuning 
can bring more energy savings for the same or lower performance 
penalty (Catthoor et al., 2020).

4.4.2. Platform analysis
The key properties of the Karolina GPU-accelerated node from 

the energy consumption point of view are shown in Table  5. We 
break the hardware into 3 key groups: CPUs, GPUs, and the rest of 
the server (including motherboard, memory DIMMs, network cards, 
GPU board with NVlink switches, etc.). For each group, we show 
the ‘‘Range of power consumption’’, where the lower number is the 
power consumption of the component when the server is idle (no 
computations are running) and the higher value presents maximum 
power consumption under full load. When all values for idle power 
consumption for all components are summed, we get the ‘‘Static power 
consumption’’ of the entire server. In this case, just to keep the server 
turned on, it consumes 1.12 kW. The ‘‘Dynamic power consumption’’ 
then denotes the additional power that can be consumed when the 
server is under full load. This is a maximum/theoretical value if a 
workload is capable of full utilization of the CPUs or GPUs. By summing 
the static and dynamic consumption, we obtain the server’s peak power 
consumption. Our methodology can only control and reduce dynamic 
power consumption. From the server user perspective, the static power 
cannot be controlled, and it is the main reason why energy consumption 
increases when runtime is extended, as energy is the integral of power 
over time. Finally, the last two rows in the Tab. present the platform’s 
behavior when gPLUTO runs the 3D Orszag–Tang vortex benchmark. 
We can see that CPUs and remaining server components consumption 
is mostly static (because we do not tune CPU frequency), while the key 
component with predominantly dynamic power consumption are the 8 
GPUs. In summary, each compute node can consume between 1.6 and 
2.8 kW depending on how many nodes are used for the experiment (we 
use strong scaling) and the selected frequency of the GPU SMs, resulting 
in 1.2 kW dynamically controllable power consumption.

The compute node behavior is presented in Table  6 in more detail. 
We can see that: (a) by changing the SM frequency from the default 
1.41GHz to 0.99GHz the power consumption of all 8 GPUs per node is 
reduced from 2.0 to 1.2 kW (when the benchmark runs on one node); 
(b) by performing the strong scaling from 1 to 32 compute nodes, we 
also reduce GPUs power consumption per node from 2.0 to 1.2 kW. This 
is caused by the strong scaling because the problem size per GPU is 
halved with every step of strong scaling. This results in lower utilization 
of the GPUs and, therefore, lower average power consumption. For 
32 nodes, if we scale the SM frequency down to 0.99GHz, we can 
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Table 5
Power consumption of the key components of the GPU accelerated compute node of the Karolina supercomputer. Static power consumption is always present, even 
when a server is idle. Dynamic power consumption is additional power consumption when a server is under load (CPUs and GPUs perform some computations) 
and it is workload-dependent. The large gPLUTO power consumption range for GPUs is caused by both lowering the SM frequency to 990GHz as well as lowering 
GPU utilization for the high number of compute nodes in the strong scaling test.
 Karolina GPU node CPUs GPUs Other parts Total  
 Units per server 2× AMD EPYC 7763 8× NVIDIA A100 – –  
 Range of power consumption 90–280W per CPU 55–400W per GPU 520–625W per server –  
 Static power consumption 180W 420W 520W 1120W  
 Dynamic power consumption max. 380W max. 2780W max. 105W max. 3265W  
 PLUTO power consumption range 115–120W per CPU 99–248W per GPU 600–610W 1622–2834W 
 PLUTO dynamic pow. consumption 5W per CPU; 10W total 149W per GPU; 1192W total 10W 1212W  
Table 6
Power consumption per node for the 3D Orszag–Tang Vortex benchmark. The 
top panel shows absolute values in [kW]. The bottom one shows the relative 
values with respect to the entire node power consumption in [%].

  

further reduce GPU power consumption to 0.8 kW. It is important to 
realize that, for this configuration, the static power consumption of 
the non-GPU components amounts to half the total. When this effect 
is combined with the extended runtime due to SM frequency reduction 
(for 32 nodes, reducing the SM frequency from 1.4 to 0.99GHz yields 
a runtime extension to 117.6% - see Table  7 top) it becomes dominant 
in terms of energy consumption of the computation. This explains why 
the highest energy savings (see bottom panels of Tables  7 and 8) are 
not achieved for the lowest SM frequency we used.

4.4.3. Energy consumption optimization results
We have performed strong scaling from 1 to 32 GPU-accelerated 

compute nodes of Karolina for both 3D circularly polarized Alfvén wave 
and 3D Orszag–Tang vortex benchmarks. For each number of nodes, we 
scaled down the SM frequency from 1.4 to 0.99GHz and measured the 
runtime and energy consumption of all compute nodes employed for 
the benchmark. The measurement results are in Tables  7 and 8. We do 
not present results for frequencies lower than 0.99GHz because, for all 
cases, the energy savings for 0.99GHz are smaller than the savings for 
1.11 and 1.05GHz.

If we consider acceptable an increase in runtime up to 6% (values 
close to this threshold are highlighted in red in both figures), we see 
that we can save up to 8% of energy for the 3D Orszag–Tang vortex 
and up to 11% for the 3D circularly polarized Alfvén wave benchmark. 
We also see that by increasing the number of compute nodes we gain 
lower savings. As mentioned previously, this is due to a high ratio of 
static power consumption and extended runtime.

We want to highlight that these servers are air-cooled, and there-
fore, the energy consumption of the remaining components is relatively 
10 
Table 7
Impact of the static tuning of the GPU SM frequency on the runtime (top) and 
energy consumption (bottom) of the 3D Orszag–Tang vortex benchmark. The 
top panel shows runtime variations with respect to the default execution time 
shown in the first line. The bottom one shows relative energy consumption 
with respect to the energy consumption of the default execution, as shown in 
the first line of the table. 

  

high. By using modern hot water-cooled servers and racks, the static 
power consumption can be reduced, with a corresponding increase in 
energy savings.

5. Summary

In this paper we have presented a first look into gPLUTO, a GPU-
optimized implementation of the widely used PLUTO code for com-
putational plasma astrophysics. The new code is written in C++ and 
adopts OpenACC as a programming model to efficiently exploit modern 
GPU architectures. The new implementation maintains the flexibil-
ity and robustness of the legacy code while significantly improving 
computational performance, power efficiency, and scalability on HPC 
clusters.

This paper outlines the fundamental design principles behind
gPLUTO, including the numerical methods employed, the OpenACC-
based parallelization strategy, memory management optimizations, and 
multi-GPU communication. The performance of gPLUTO has been 
evaluated through two numerical benchmarks: the 3D Orszag–Tang 
vortex and the 3D circularly polarized Alfvén wave, conducted on three 
European HPC platforms: Marenostrum 5, Leonardo, and Meluxina. 
Both weak and strong scaling tests have been conducted.
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Table 8
Same as Table  7 but for the 3D circularly polarized Alfvén test.

  

Results demonstrate excellent strong and weak scaling efficiencies, 
maintaining around 90% performance across multiple nodes, in a situa-
tion of high GPU occupancy. Direct comparison between the GPU- and 
CPU-specialized partitions of Leonardo reveals a factor ≈9 acceleration 
(per node usage). The results of this study confirm that gPLUTO
successfully harnesses the power of GPUs to enhance the performance 
of MHD simulations.

The strong scaling behavior suggests that gPLUTO can efficiently 
utilize a large number of GPUs, making it well-suited for exascale 
computing applications.

Energy efficiency analyses highlight the impact of GPU frequency 
tuning in optimizing computational power consumption. Our experi-
ments indicate that adjusting GPU clock frequencies can lead to sig-
nificant energy savings with minimal runtime penalties, highlighting 
potential avenues for optimizing HPC resource utilization. In particular, 
lowering the SMs frequency can save around 8% and 11% of energy 
consumption for 3D Orszag–Tang tests and circularly polarized Alfvén 
waves, respectively, at a cost of 6% longer execution time.

The development of gPLUTO represents a significant step toward 
enabling more efficient and scalable astrophysical simulations on next-
generation, Exascale supercomputers. A more comprehensive descrip-
tion of the code along with all its physical modules (including rela-
tivistic and non-ideal MHD extensions, particles and different systems 
of coordinates) and the implemented numerical methods — including 
high-order methods (Berta et al., 2024; Mignone et al., 2024) — will 
be presented in a forthcoming work. We also invite to refer to the 
companion paper (Suriano et al., 2025) for the Lagrangian Particles 
module integration in gPLUTO. Future works on HPC porting will 
also explore additional acceleration frameworks such as OpenMP for 
execution on AMD-based HPC systems.
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