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ARTICLE INFO ABSTRACT

Keywords: We present URANOS-2.0, the second major release of our massively parallel, GPU-accelerated solver for
GPU compressible wall flow applications. This latest version represents a significant leap forward in our initial tool,
OpenACC

which was launched in 2023 (De Vanna et al. [1]), and has been specifically optimized to take full advantage

g?\]':presmble flows of the opportunities offered by the cutting-edge pre-exascale architectures available within the EuroHPC JU.
LES In particular, URANOS-2.0 emphasizes portability and compatibility improvements with the two top-ranked
WMLES supercomputing architectures in Europe: LUMI and Leonardo. These systems utilize different GPU architectures,
Open-source AMD and NVIDIA, respectively, which necessitates extensive efforts to ensure seamless usability across their

distinct structures. In pursuit of this objective, the current release adheres to the OpenACC standard. This
choice not only facilitates efficient utilization of the full potential inherent in these extensive GPU-based
architectures but also upholds the principles of vendor neutrality, a distinctive characteristic of URANOS solvers
in the CFD solvers’ panorama. However, the URANOS-2.0 version goes beyond the goals of improving usability
and portability; it introduces performance enhancements and restructures the most demanding computational
kernels. This translates into a 2x speedup over the same architecture. In addition to its enhanced single-
GPU performance, the present solver release demonstrates very good scalability in multi-GPU environments.
URANOS-2.0, in fact, achieves strong scaling efficiencies of over 80% across 64 compute nodes (256 GPUs)
for both LUMI and Leonardo. Furthermore, its weak scaling efficiencies reach approximately 95% and 90%
on LUMI and Leonardo, respectively, when up to 256 nodes (1024 GPUs) are considered. These significant
performance advancements position URANOS-2.0 as a state-of-the-art supercomputing platform tailored for
compressible wall turbulence applications, establishing the solver as an integrated tool for various aerospace
and energy engineering applications, which can span from direct numerical simulations, wall-resolved large
eddy simulations, up to most recent wall-modeled large eddy simulations.
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1. Introduction

In recent years, Computational Fluid Dynamics (CFD) has emerged
as a crucial tool in examining, analyzing, and designing fluid devices
and machinery for various engineering applications. Undeniably, the
contemporary engineering design process relies heavily on CFD meth-
ods, resulting in a significant reduction in costs associated with expen-
sive experimental tests and a notable decrease in the time-to-market
for the most innovative and outstanding technical solutions in fluid en-
gineering. Furthermore, CFD has enabled a deeper understanding of
several fluid mechanics phenomena related to the internal and exter-
nal aerodynamics of increasingly complex engineering devices, making
progress induced by the use of CFD techniques not only linked to eco-
nomic factors but also to physical aspects that enhance our understand-
ing of the intrinsic complexities associated with the fluid motion. Two
essential processes highlight the indispensable role of CFD methods in
engineering: what we can address as a parametric approach, which in-
volves repeatedly deploying CFD models across a wide range of design
variables in order to determine the best design of a specific engineer-
ing device or the role of some physical variable concerning the device
functioning; and what we can address as a physical-analytical approach,
which entails a thorough examination of flow fields around specific en-
gineering devices through a limited number of analyses but with high
accuracy and precision. The distinction between these two approaches
is often blurred, and in both cases, the computational load associated
with CFD analyses rapidly increases with the number of variables to be
traced or the accuracy demanded. Thus, passing through HPC infras-
tructures and advanced calculation tools is a next door issue, becoming
not just a preference but a necessity to navigate the complexities and
push the boundaries of what is possible in fluid dynamics simulations
within contemporary engineering design and prototyping.

Thus, the drive for continuous improvement in computational mod-
els and the utilization of progressively more accurate computing tools
is an enduring reality, extending beyond engineering fluid dynamics to
various applied sciences sectors. Consequently, over the past decades,
there has been a global shift towards concentrating computing power
in specialized and dedicated centers, aiming to provide cutting-edge

facilities to the international research community. A recent milestone
in this trajectory is the achievement of supercomputers capable of
transcending the exascale threshold, i.e., performing more than 1018
floating-point operations per second. This limit, as indicated by the
Top500 ranking,! has currently been surpassed by Frontier and Au-
rora clusters, both located in the United States, marking a significant
advancement for science and reflecting the relentless pursuit of compu-
tational capabilities on a global scale. While the United States currently
leads the supercomputing market, Europe stands out with commendable
representation, boasting three pre-exascale supercomputing machines
ranked over the top 10 most powerful computing units globally: LUMI
(CSC, Finland) holding the fifth position, Leonardo (CINECA, Italy) in
sixth place, and Marenostrum 5 (BSC-CNS, Spain) holding the eighth
position. This robust European presence over the top-rated architec-
tures highlights the Old Continent’s current prowess in HPC and is a
compelling testament to Europe’s unwavering commitment to further
advancing and investing in supercomputing capabilities in the future.
Inside such a landscape, it becomes evident that recent advance-
ments in HPC present a unique opportunity for computational initia-
tives in engineering design. However, a substantial challenge emerges
in the requisite specialized skills and technical prerequisites necessary
to unlock the full potential of HPC resources. Primarily, developing
and managing solvers and software adept at effectively capitalizing on
the capabilities proffered by the HPC market is an imperative man-
date. The absence of tailored tools capable of harnessing the complete
HPC potential would confine computational engineering design prac-
tices to traditional approaches, limiting avenues for improvement and
understanding phenomena that remain elusive. Additionally, even with
cutting-edge tools and software proficient in fully exploiting HPC archi-
tectures, the architectural heterogeneity of the top-ranked HPC infras-

! The Top500 project ranks and provides detailed information on the 500
most powerful computer systems globally. Launched in 1993, the project up-
dates the list of supercomputers biannually, offering a comprehensive snapshot
of the current landscape of high-performance computing. Details can be found
at https://www.top500.org.
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tructures is a persistent issue. Focusing specifically on Europe and con-
centrating solely on data processing units without delving into details
related to compilers and networks, it is noteworthy that LUMI, currently
standing out as the most powerful resource, employs AMD Graphics Pro-
cessing Units (GPUs). In contrast, Leonardo utilizes NVIDIA A100 cards,
and Marenostrum 5 is equipped with NVIDIA H100 GPUs. Thus, each
HPC facility is based on distinct architectural logic, posing challenges
to portability since each software is often designed and calibrated for
the architecture most commonly adopted or preferred by individual re-
search centers, introducing complexities in cross-platform usability. To
illustrate with tangible examples, particularly within the realm of CFD,
substantial progress has been achieved in developing and implementing
state-of-the-art solvers designed to exploit the potential of contempo-
rary HPC facilities. Nonetheless, a common characteristic among these
solvers is their optimization and customization tailored to specific ar-
chitectures, notably favoring NVIDIA-based clusters and programming
languages derived from CUDA. Examples of this trend include AFiD [2]
and CaNS [3], both structured incompressible flow solvers designed
for massively parallel Direct Numerical Simulation (DNS) of canonical
flows: The former employing CUDA Fortran, while the latter using Ope-
nACC [4] NVIDIA-tailored directives. OpenSBLI [5], instead catering
to the compressible CFD community, serves as a DNS Python frame-
work, streamlining the automated derivation of finite difference solvers
for both CPUs and GPU architectures. Additionally, PyFr [6,7] and
ZEFR [8] present themselves as general-purpose DNS unstructured flow
solvers, incorporating high-order flux reconstruction. In such a frame-
work we can mention also STREAmS [9] and CharLES [10], which in-
troduce a DNS high-order paradigm based on CUDA Fortran, and, very
recently, we can dispose of STREAmS-2.0 [11], that extends STREAmS-
1.0 to exploit AMD architectures, HORSES3D [12] and AMFlow [13].
Hence, we can assert that the current state of cutting-edge CFD solvers
available in the European landscape closely mirrors the scenario pre-
sented in 2023 when the inaugural version of the URANOS solver [1]
is introduced. Despite the presence of numerous high-performance CFD
solvers, these tools are frequently fine-tuned for specific architectures,
with DNS solvers designed for NVIDIA clusters taking the predominant
role in the field.

In this context, the URANOS project has always prioritized vendor
neutrality, positioning itself as a portable CFD solver compatible with
a wide range of HPC architectures. However, the initial release of the
solver had limitations, as it was predominantly tuned for NVIDIA archi-
tectures, driven by resource constraints and the development context
within the Italian HPC framework at the time of its development. Rec-
ognizing the dynamic nature of the HPC landscape, characterized by
diverse solutions and specific coding requirements, URANOS-2.0 keeps
its commitment to vendor neutrality and multi-platform compatibil-
ity through the OpenACC standard but extends its support to the two
most outstanding contemporary GPU architectures, NVIDIA and AMD,
with dedicated compiler support, nvhpc and cray, respectively. This
adaptability allows URANOS-2.0 to navigate the diverse landscape of
supercomputers available to the European community within the Eu-
roHPC JU. However, the portability improvement due to the support
of AMD cards is not the solely technical augmentation of URANOS-
2.0. Our moral commitment was also to provide the community with
a solver that renewed in performance. The result is a deeply refac-
tored solver, achieving a 2Xx speedup compared to its precursor if tested
over an equivalent architecture. Finally, URANOS-2.0 boasts a broader
array of numerical schemes and options, surpassing the flexibility of-
fered by its predecessor. As a result, the current solver release offers
a wider computing landscape with enhanced numerical schemes, im-
proved portability, and performance. Additionally, it retains its status
as a solver capable of handling compressible flows using three different
modeling approaches: DNS, Wall-Resolved Large-Eddy Simulation (WR-
LES), and Wall-Modeled LES (WMLES) strategies. These improvements
have firmly established URANOS-2.0 as a leading solver for advanced
CFD simulations in the contemporary European panorama.
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The paper is structured as follows: Section 2 provides a compre-
hensive overview of the URANOS structure, along with the available
options and schemes. Section 3 delves into the specifics of the porta-
bility enhancements and outlines the options offered by the URANOS
makefile. Our efforts to optimize GPU performance on contemporary
cutting-edge architectures, including a detailed examination of the most
demanding computational kernels, are thoroughly discussed in Sec-
tion 4. Section 5 offers a comparative analysis between URANOS-2.0
and URANOS-1.0, considering multiple architectures and outlining per-
formance over the two top-ranked multi-GPU environments currently
accessible to the European scientific community. Finally, Section 6 pro-
vides conclusive remarks and summarizes the key findings of this study.

2. Numerical model description

2.1. Numerical schemes description

URANOS is a high-fidelity CFD solver that was developed explic-
itly for wall flow applications at the Industrial Engineering Department
of the University of Padova. The solver deals with the filtered com-
pressible Navier-Stokes system of equations in a conservative formu-
lation, and it is capable of addressing three different fluid dynamics
modeling frameworks: DNS, WRLES, and WMLES. URANOS employs a
high-order finite-difference framework and supports both uniform and
non-uniform structured Cartesian meshes. It offers a variety of con-
vective schemes, including a central, nominally zero-dissipative, and
fully split convective Energy-Preserving (EP) method for dealing with
shock-free or smooth flows; three increasingly high-order Weighted Es-
sentially Non-Oscillatory (WENO) methods with improved spectral res-
olution (-Z version); two increasingly accurate low-dissipative Targeted
Essentially Non-Oscillatory (TENO) schemes, and a fifth-order TENO
adaptive (TENO-A) version. Shock-capturing techniques can be specif-
ically targeted at shock/shocklet sites to restrict the introduction of
numerical viscosity and reduce nonlinear operations per time step. This
enables the nominally zero-dissipative EP approach to handle smooth
flow zones effectively. The outcome is a set of hybrid schemes formed
by integrating each WENO/TENO shock-capturing approach with the
central-like EP method, resulting in the hybrid-WENO-Z/EP, hybrid-
TENO/EP, and hybrid-TENO-A/EP schemes. Three potential methods
are employed to determine the shock locations in advance during each
iteration. These include a density-gradient-based approach, a density-
jump method, and an enhanced Ducros sensors. The first two methods
are recommended for situations in which the flow pattern is already
known, such as in debugging operations. They assume that regions with
significant density gradients or jumps indicate the presence of shocks.
The improved Ducros sensor, instead, considers both local rotations
and dilatations of the flow, making it particularly suitable for sce-
narios involving wall turbulence within shock-dominated frameworks.
The management of viscous fluxes is a distinct feature of the solver,
which extends the viscous terms to isolate the incompressible from
compressible components. By employing a high-order finite-difference
method, the concept tackles incompressible terms with a conservative
approximation, thereby enhancing the prediction of highly variable vis-
cosity/diffusivity flows. Unlike URANOS-1.0, the solver’s treatment of
viscous terms has been expanded to include a standard Laplacian formu-
lation. This alternative approach yields outcomes equivalent to those of
the conservative method when the diffusive coefficients exhibit smooth
flow variations. Consequently, this formulation can be effortlessly in-
tegrated into DNS frameworks without encountering issues. However,
it is not compatible with WMLES applications and it is advisable to re-
frain from using it in WRLES. Ultimately, temporal integration employs
a third-order Total-Variation-Diminishing (TVD) low-storage Runge-
Kutta method, which is regarded for convective-dominated problems
in compressible fluid dynamics.
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Table 1
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Comprehensive overview of numerical schemes and modeling options in URANOS-2.0. (For interpretation of the colors
in the table, the reader is referred to the web version of this article.)

Scheme References  Application Ord. of accuracy
Convective terms EP [17-20] smooth flows 2/4/6
discretization WENO-Z [21-26] shock-dominated flows 3/5/7
TENO [27-31] shock-dominated flows 5/7
TENO-A [32-34] shock-dominated flows 5
Hybrid-WENO-Z/EP [35,36] shock-dominated flows 3/5/7 - 2/4/6
Hybrid-TENO/EP - shock-dominated flows 5/6 - 2/4/6
Hybrid-TENO-A/EP - shock-dominated flows 5-2/4/6
Viscous terms Semi-conservative [37]1 Intensively varying diffusive properties  2/4/6
discretization Laplacian [38] Smoothly varying diffusive properties 2/4/6
Time Integration TVD Runge-Kutta [39] Convective-dominated PDE 3
Shock-detection Density Jump A priori known flow patterns 2
Density Gradient - A priori known flow patterns 2
Ducros Sensor [17,40-42] Wall-turbulence 2/4/6
Laminar viscosity Sutherland’s law [43] Wide temperature ranges
modeling | Power law [44] Temperature clustered to reference -
Turbulence Classical Smagorinsky [45-47] Free-shear turbulence 2/4/6
modeling WALE [48] wall turbulence 2/4/6
Sigma [49] wall turbulence 2/4/6
MXTS [50] wall turbulence 2/4/6
Wall modeling TBL equations [14,51-53] 2
2.2. Turbulence modeling so] —— Power Law s
. -
----- Sutherland’s Law o
Regarding turbulence modeling, URANOS-2.0 follows in the foot- 951 Pt
. . . . . . . s r”
steps of the first solver release, with no significant changes in brooding P
the available choices. Thus, four algebraic turbulence models are dis- +2.09 /,///"
posed of: the classical Smagorinsky model, the Wall-Adaptive Large- = o
= =g
Eddy (WALE) model, the Sigma model, and the MiXed Time Scale =15 ///
(MXTS) model. Except for the Smagorinsky model, the last three are 104 yd
all wall-turbulence consistent, i.e., they give a smooth transition to the e
. . . . o e ”
SubGrid-Scale (SGS) viscosity and diffusivity between the bulk of the 0.59 /,,//
flow and the wall, vanishing the turbulent parameters while automati- a
cally approaching the wall location. To cope with WMLES, URANOS-2.0 0 1 2 3 4 5
keeps using the equilibrium-based wall model by Larsson et al. [14] by T/Tey

determining the proper wall shear stress and heat flux across an under-
resolved wall portion and feeding the information to the outer solution
as a boundary condition according to De Vanna et al. [15,16]. Even
though no improvements in terms of widening the turbulence modeling
spectrum have been included in URANOS-2.0 concerning 1.0, the WM-
LES modeling section has been refactored to increase its performance,
as will be discussed later in the paper.

2.3. Numerical model extension

To concisely delineate the modeling improvements and summarize
the features of URANOS-2.0, Table 1 presents the comprehensive array
of numerical schemes and models incorporated in the current version
of the solver. Each entry includes minimal indications of its applicative
range, order of accuracy, and relevant references. Notably, the table
highlights in light blue the additions made in comparison to URANOS-
1.0. As evident, URANOS-2.0 expands the repertoire of available numer-
ical schemes by incorporating TENO-7 for convective scheme discretiza-
tion and introducing the Laplacian formulation for treating viscous
terms. Beyond these additional scheme options, URANOS-2.0 offers a
choice between two models for laminar flow viscosity. The first adheres
to Sutherland’s law, a feature inherited from URANOS-1.0, while the
second aligns with a Power Law framework. The respective equations
are as follows:

) () e
/"ref S Tref T/Tref+S/Tref
_ ~ 0.75
(L) - <L> (1b)
Href P Tref

Fig. 1. Comparison between Power Law and Sutherland’s Law laminar viscosity
modeling as a function of the non-dimensional flow temperature.

Here u,,, and T,,, are the fluid reference viscosity and temperature,
respectively, while § = 110.4 K is the Sutherland’s empirical fitting
parameter [43]. The limitation of Eq. (1a) becomes evident in its ex-
plicit dependence on the reference temperature (7,), necessitating the
expression of the .S/T, ratio, even within the framework of purely
non-dimensional modeling as employed by URANOS. This dependency
introduces uncertainty during model settings, particularly when the ref-
erence temperature is not known. To mitigate this concern, the alterna-
tive power-law-like laminar viscosity behavior is introduced, allowing
users to choose the laminar viscosity model based on specific case re-
quirements.

Fig. 1 comprehensively compares Sutherland’s law with Power law
in a wide range of non-dimensional temperatures. Here T, is set to
273.15 K. The analysis reveals that the distinction between the two for-
mulations is primarily confined to the extremal ranges, specifically for
values where T'/T,,; <0.5 and T /T, > 2.0. Thus, within temperature
clustered around T'/T,,; = 1, the outcomes yielded by the two formula-
tions exhibit strong similarity. This observation underscores the fidelity
of both laminar viscosity models within the typical operating conditions
in applications.

In order to substantiate this assertion, a fully resolved channel flow
in a compressible regime is undertaken, addressing the two distinct lam-
inar viscosity formulations. The DNS framework is deliberately chosen
to serve as the exclusive avenue where the laminar viscosity formulation
significantly influences the outcomes, exerting control over turbulent
dissipation at the grid level. To this end, the simulation setup con-
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(a) Velocity profile (b) Reynolds stress components (c) Temperature profile

—— DNS (Modesti et al.)

——- present DNS (Power Law)  ----- present DNS (Sutherland’s Law)

Fig. 2. Comparison of turbulent channel flow DNS at M, = 1.5 and Re, = 215 modeling molecular viscosity with Power Law or Sutherland Law. Distribution of
(2a) mean velocity profile, (2b) Reynolds stress components and (2c) temperature profile as a function of y*, compared with reference DNS data of Modesti and

Pirozzoli [38] (gray lines).

sists of a compressible flow confined between two isothermal walls at
a bulk Mach number, M, =u,/c,, of 1.5, and friction Reynolds num-
ber, Re, = 1/, =215. Here u, = 1/(p,V) [, pudV is the bulk velocity,
and p, =1/V /V pdV is the bulk density, c,, is the speed of sound at
the wall location, A& denotes the channel half-width and 6, is the vis-
cous length at the wall location; the latter defined as 6, = p,,,/(p,,4,),
where p,, and u,, are the wall density and laminar viscosity, respec-
tively, while u, = \/m is the friction speed. The computation is
performed within a three-dimensional domain, characterized by dimen-
sions L, /hx L,/hX L,/h=6x X2X 2z along the x, y, and z coordi-
nates. In the wall-parallel directions, a uniform mesh spacing is em-
ployed, while in the wall-normal direction, a non-uniform distribution
is implemented using the Gauss’ error function, as outlined by De Vanna
et al. [15]. The total number of nodes, denoted as N, X N, XN, is
configured to be 512 x 128 x 256 ~ 17 x 10°. The grid stretching in
the Gaussian distribution is fixed at 3. The discretization process yields
mesh spacings in inner units, normalized by the viscous length §,, given
by Ax* x Ayt + Ayt x Az" =7.91 x0.31 + 5.88 x 5.27. Regarding the
boundary conditions, periodicity is enforced in the wall-parallel direc-
tions, while a no-slip isothermal condition is applied to the two walls
setting T,,/T,., = 1. The grid spacing is staggered, aligning with the
first and last cells such that the wall coincides with an intermediate
node. The approach ensures mass conservation as discussed by Modesti
and Pirozzoli [38]. For the initial condition, we follow the procedure
outlined by Henningson and Kim [54]. This involves superimposing a
vortex pair onto the analytical solution of the Poiseuille flow, induc-
ing an early transition to turbulence. To sustain the flow rate within
the channel, a forcing term f; = {0, £,0,0, f u}T is incorporated into
the right-hand side of the Navier-Stokes equations. The forcing term is
evaluated at each time step.

Fig. 2 compares the mean streamwise inner-scaled velocity pro-
file, ut =ii/u,, the density-scaled Reynolds stress components, f;jr. =

p‘u;’u;.’ /7., and the inner-scaled temperature and viscosity profiles,
T+ =T/T,, u* = ji/u,, between the two adopted laminar viscosity
formulations as functions of the inner-scaled wall distance, y* = y/3, .
Upon observation, it is evident that no discernible differences exist
between the two laminar viscosity formulations, as the temperature
variations fall within the range of superposition for both Sutherland’s
and the Power law.

3. Portability improvements
3.1. Multi-GPU architectures compatibility

As outlined in the introduction, one of the critical objectives of this
research was to improve the portability of the URANOS solver across the
latest multi-GPU systems. Initially designed for the NVIDIA V100 archi-
tecture [1], the solver has been optimized to take full advantage of the
OpenACC paradigm. As a result of this initiative, URANOS now boasts
enhanced compatibility with the dominant supercomputing architec-
tures in Europe. Specifically, the solver has been tailored for seamless
integration with the LUMI cluster at CSC, Finland, which features AMD
MI250X graphics cards, and the Leonardo supercomputer at CINECA,
Italy, which utilizes NVIDIA A100 graphics cards. Measures have also
been taken to anticipate the forthcoming release of the NVIDIA H100
architecture, which is now available for the European HPC community
over Marenostrum 5 architecture. It is crucial to emphasize that both
the LUMI and Leonardo architectures hold integral roles within the Eu-
roHPC JU, ensuring accessibility for researchers and research centers
affiliated with the most prominent European institutes. This widespread
accessibility to state-of-the-art European architectures positions URA-
NOS as a user-friendly and portable platform across the Old Continent.
Furthermore, at the time of this writing, the two targeted architectures
hold global ranks of fifth and sixth in peak performance, as validated
by the Top500 ranking. However, a notable distinction arises between
the LUMI-G partition and Leonardo: the former utilizes OpenACC ex-
clusively upon compilation with the Cray compiler for Fortran codes,
whereas the latter extends full support to OpenACC through the NVHPC
SDK. Consequently, extensive efforts have been invested to guarantee
the solver’s compatibility with the Cray compiler, a consideration not
addressed in the previous release. To delve deeper into these advance-
ments, we shall explore how URANOS-2.0 navigates this diverse array
of architectures.

3.2. Compiling options

The OpenACC standard does not require specific compiling op-
tions for NVIDIA and AMD products. However, integrating the solver
across various architectures necessitates including explicit instructions
during the pre-processing phase. Notably, distinctions are required
for profiling and random number generation, resulting in two defi-
nitions, namely -DNVIDIA and -DAMD. These flags are applied dur-
ing the compilation process with NVHPC and Cray compilers, re-
spectively. The makefile underwent comprehensive restructuring to
facilitate seamless transitions between architectures. As a result, the
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Comprehensive overview of the compiling options and related architectures offered by URANOS-2.0.

compiler mode_option Intended supported architectures tested GPUs

nvhpc gpu NVIDIA architectures V100 [55], A100 [56], H100 [57]
gpu_debug
gpu_profiling

cray gpu AMD architectures MI250X [58]
gpu_profiling

cray cpu Cray multi/many core architectures -

gnu cpu Vendor neutral multi/many core architectures -

cpu_debug

compilation process can be executed using the following command:

make comp=<compiler> mode=<mode_option>

This approach allows users to choose the appropriate compiler based
on the available architecture. Furthermore, the solver is also accessible
to users who do not possess GPUs by supporting the Cray and GNU
compiler on CPU modes. A resume outlining the specific details of the
compilation options and intended architectures associated with each
combination is provided in Table 2.

3.3. Profiling options

In addition to the differentiation between NVIDIA and AMD prod-
ucts, profiling options and activities are instrumental in visualizing
the execution of kernels and pinpointing the most time-consuming
segments of the solver. Consequently, the latest version of URANOS
expands upon the profiling module, src/profiling module.£90,
designed as an interface for external profiling libraries. This module
facilitates monitoring any code segment by enclosing it between the
StartProfRange and EndProfRange calls. The resulting algorith-
mic appears as in Algorithm 1:

1 StartProfRange (name)
3| ! portion to be monitored

5 EndProfRange

Algorithm 1. Pseudocode associated URANOS profiling interface.

Therefore, we examine the computationally intensive sections of
the code, prioritizing critical routines. This process involves the uti-
lization of the NVIDIA NVHPC SDK 23.1 [59], employing the NVTX
API for NVIDIA products, and leveraging ROCTX 5.2.3 [60] to an-
alyze code performance on AMD architectures. Profiling options are
activated through user-defined compiler flags, specifically -DNVTX and
-DROCTX, in conjunction with -DNVIDIA and -DAMD, while utilizing
the mode=gpu_profiling compilation setting.

3.4. Random number generation

Ultimately, it is essential to emphasize a unique factor in the context
of random number generation when employing URANOS with NVIDIA
or AMD architectures. Although the OpenACC framework does not in-
herently support random number generation in a thread-safe manner,
it is necessary to make specific calls to the respective CUDA (NVIDIA)
or ROC (AMD) libraries, depending on the chosen architecture. More
specifically, the curand library, integrated into the NVHPC SDK pack-
age, can be invoked during compilation using the -cudalib=curand
flag. Conversely, random number generation suites for AMD cards are
currently housed in the rocrand library, accessible for Fortran-based
codes in LUMI by installing the hipfort interface through the Easy-
Build suite. Once this environment is configured, the -lhipfort-
amdgcn -lrocrand compilation flags enable the utilization of essen-

tial routines for random numbers generation. This complexity remains
entirely transparent to the user, as it is exclusively managed through
the compilation process governed by the makefile.

4. GPU performance optimization
4.1. Bottlenecks identification

Following the examination of the model extensions and the efforts
to enhance URANOS'’s portability across various GPU architectures, this
section provides a detailed account of the optimization process for com-
putational kernels. The primary goal is to compare the performance of
the current solver version with that of the initial release. The optimiza-
tion strategy adhered to a Pareto logic, emphasizing that a select subset
of functions or portions of the code significantly influences the overall
calculation time per iteration. Thus, a comprehensive comparison be-
tween the old code version and the new release, particularly concerning
AMD cards, was not feasible due to URANOS-1.0’s lack of support for
AMD cards. Consequently, the subsequent sections will present 1:1 com-
parisons for NVIDIA graphics cards. Simultaneously, the performance
evaluation of URANOS-2.0 will cover both NVIDIA and AMD cards. This
dual approach ensures a comprehensive understanding of the improve-
ments made in the solver’s performance across a diverse range of GPU
architectures.

To conduct a performance analysis under computationally realis-
tic conditions, we chose a practical scenario involving the simulation
of a boundary layer in hypersonic conditions. Despite being a nomi-
nally shock-free flow, such a configuration requires the activation of
shock-capturing schemes in spatial regions that are not identifiable
a priori, introducing an additional layer of complexity to the sim-
ulation and mirroring a realistic simulation scenario where hybrid
schemes (WENO/TENO + EP) operate with varied distributions in both
time and space. Thus, a spatial deploying turbulent boundary layer at
M, =5.86 over a flat plate is addressed, featuring a nominal inflow-
ing friction Reynolds number of Re,, = §,/5, = 1100. The test has
already been documented by De Vanna et al. [1] (case BLO3); thus,
here we provide concise details. 6, denotes the incoming boundary
layer thickness, computed at the height where the boundary layer re-
covers 99% of the free-stream speed. Meanwhile, 6, = u,,/(p,u,) is
the viscous length. The test employs a three-dimensional box of di-
mensions L, /6y X L,/8y X L,/6y =100 X 18 x 9, mirroring a realis-
tic spatially-deploying turbulent boundary layer. Domain discretization
uses a uniform Cartesian grid distribution along the x, y, and z co-
ordinates, ensuring a total number of computational points equal to
Ny XN, x N, =2048x256Xx96~50- 10°. This domain size is designed
to sufficiently load a single H100 GPU’s compute capabilities, while
not surpassing the main memory limit disposed by the V100 architec-
ture also considering the profiling overload. The A100 architecture is
chosen as a reference, given its status as an intermediate architecture
among the available NVIDIA products and, as previously mentioned,
not disposing of an AMD-based for URANOS-1.0. As the grid is not clus-
tered near the wall, and the number of points is insufficient to reach
a WRLES at such a Reynolds regime, wall modeling is kept active,
and its computational load is also assessed in the optimization process.
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Fig. 3. Distribution of time per iteration percentage: Comparison between baseline and optimized version of URANOS. Data are collected over a single NVIDIA A100

architecture.

Simulations make use of the fifth-order accurate WENO scheme com-
bined with the sixth-order EP method within the framework of a hybrid
WENO-Z5/EP6 advection scheme. Diffusive terms are handled with the
sixth-order semi-conservative approach, while shocks/shocklets are de-
tected with the Ducros sensor approach. The numerical receipt aligns
with a common practice in the solver standard usage. Finally, the anal-
ysis and profiling of the solver are executed leveraging the whole set
of GPU architectures we dispose of, i.e., V100 [55], A100 [56], and
H100 [57] from NVIDIA and MI250X [58] from AMD.

Fig. 3 illustrates the bottleneck analysis associated with URANOS-
1.0 and -2.0 versions. Here, the percentage of time per iteration allo-
cated to the primary functions is highlighted. Data are collected over
a single NVIDIA A100 GPU leveraging the Leonardo supercomputing
facility. Even when utilizing a single GPU, the test incorporates the
complexities inherent in multi-GPU logic, given the implementation
of periodic boundary conditions along the z-direction leveraging MPI
calls. Performance metrics are collected by averaging one hundred itera-
tions to ascertain statistical reliability in the obtained data. Thus, Fig. 3a
provides results for URANOS-1.0, indicating that the time-intensive rou-
tines, as expected, are associated with the computation of Navier-Stokes
fluxes. These encompass the three hybrid WENO/EP schemes along the
Cartesian directions, the diffusive terms computation, and, in addition,
the wall model kernel. Similar results and considerations emerge from
employing the same analysis for the other architectures. These addi-
tional findings have not been explicitly reported here for simplicity in
the text. Thus, adhering to Pareto logic, these five routines account for
nearly 75% of the total time per iteration, underscoring the need to op-
timize such specific segments of the solver to enhance most of the code
performance. Nevertheless, something should be mentioned about the
gray slice, which, though not insignificant, constitutes approximately
25% of an iteration. These include an innumerable array of routines
such as the time integration algorithm, updating of primitive variables,
computation of the SGS terms, computation of the shock sensor, and
data movements associated with MPI calls, among others. While the cu-
mulative cost of these components is not negligible, their optimization
margins prove to be modest unless a refactoring of the entire solver is
put into play. Derived from these observations on the URANOS base-
line, Fig. 3b delineates the distribution of time percentages within the
optimized solver version. Data are here rescaled concerning the time
per iteration gathered in URANOS-1.0. The rescaling approach high-
lights the percentage of the time saved per iteration (azure region). As
evident, optimizing the solver in its version 2.0 has yielded a notewor-
thy advantage, manifesting in a substantially reduced calculation time.
This translates to a time per iteration approximately halved compared
to that recorded for version 1.0. Subsequently, in the progress of this
paper, we will delve into the details of the optimization process applied
to the five highlighted routines.

4.2. Optimization of advection fluxes computation

We start our discussion by delving into the optimization process
for the computation of convective terms. Notably, our investigation
reveals a pronounced correlation between the computation time and
the specific advection component. Precisely, the computational effi-
ciency experiences a decrease when calculating y and z advection
components as opposed to the x. The trend is depicted in Fig. 3. This
discrepancy stems from the nature of the hybrid WENO(TENO)+EP al-
gorithm, which necessitates extracting one-dimensional arrays from the
three-dimensional data structures in order to compute advection fluxes
components. The extraction aligns with Fortran data sorting for the
x fluxes components. Conversely, it experiences performance penalties
with non-contiguous data in memory for y and z directions. Thus, while
the operations for computing convective flows remain consistent across
all directions, a substantial performance degradation is observed in
streamwise-orthogonal terms. Given this observation, and to maintain
conciseness in our dissertation, we present and analyze the pseudocode
associated with y flux components only. Structurally and operationally,
the algorithm mirrors the one employed for calculating convective flows
along the z direction and just a small departure from x terms computa-
tion is kept.

Algorithm 2 illustrates the pseudocode governing the computation.
The key factor contributing to a substantial enhancement in the per-
formance of convective flux calculations is implementing chunking for
local one-dimensional variables and making them available for the de-
vice’s shared memory. This list of variables plays a crucial role in the
flux computation process, necessitated by the imperative to extract es-
sential values from field variables and granting the conservative nature
of convective terms discretization. Thus, the optimization approach in-
volves statically declaring all local one-dimensional variables. The pri-
mary issue consists in determining their optimal size. The latter hinges
on two critical factors: An expansion in chunk size would theoretically
lead to enhanced performance, attributed to the reduced overlap be-
tween chunks (the latter required for computing derivatives through a
high-order finite difference approach, i.e., accounting for chunk ghosts).
However, the counteractive consideration is that an excessive enlarge-
ment of chunk size results in warp/wavefront stalling, attributable to
the if statement governing the WENO/TENO or EP entries, leading to an
occupancy reduction. A series of numerical tests highlight that the most
favorable compromise manifests with arrays size of vec_size=64. This
carefully chosen parameter strikes a balance, maximizing performance
gains while avoiding the pitfalls of excessive chunk dimensions and
warp/wavefront stalling constraints. Being all one-dimensional vari-
ables required for flux computations defined statically, the !Sacc
cache (list of variables) directive becomes instrumental. This
directive compels the compiler to allocate cached variables in the device
shared memory (96 kB/SM for V100, 192 kB/SM for A100, and 256
kB/SM for H100, and 16 kB/CU for MI250X, where SM and CU stand for
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of !

sl integer , parameter

s integer , parameter

sireal(rp), dimension(0:3,1—GN:chunkSize+GN)
!

6] !

ol /8acc private(list _of private variables)
| /$acc loop gang collapse(2)

1 k = sz ,ez

12 i = sx,ex,4

13

14 iimax = min (3, ex—i)

15

16 str_y = |by ,uby,chunkSize

17 end y = min(str_y+ChunkSize, uby—2+GN+1) — str_y

18

19 !$acc cache(list of lcl chunked variables)

20

21 !$acc loop vector collapse(2)

2 j = 1-GN, end _y+GN

23 ii = 0,iimax

24 ng| =j + Stl’iy—l-f—GN

25

2 ! storing data in chunked and cached variables
e lcl _chunked variable(ii, j,1) gbl variable(i+ii,jgbl k,1)
28

29

30

31

£ I computing advection fluxes using Ilcl chunked variables
33 ii=0,iimax

34 !$acc loop vector

35 j = 1-GN, end y+GN

36

£l (weno_flag chunk(j) == is_smooth)

38 ! Perform EP algorithm

39

40 ! Perform WENO/TENO algorithm

41
42

43

45

46

47

48

49

w
S

i| subroutine PseudoCodeOfAdvectionFluxesComputation

s| /$acc parallel vector length(vec size) default(present) &

end subroutine PseudoCodeOfAdvectionFluxesComputation

vec size = 64
chunkSize = vec size — 2%GN
chanked variable

Algorithm 2. Pseudocode associated with advection fluxes computation.

Streaming Multiprocessor according to NVIDIA and CU for Computing
Unit according to AMD), reducing L1/L2 pressure and yielding tangible
enhancements in memory access and computational performance. As
observed from Algorithm 2, variables segmented into chunks are rep-
resented as three-dimensional structures with an inner co-dimension of
size 0 : 3, a second dimension of a size 1 — GN : chunkSize + GN,
and a third co-dimension packing different fields (i.e., density, veloc-
ity, pressure, and more). Here, we highlight that the x direction misses
the first inner co-dimension. This additional feature is aimed for y and

z flux computation only to optimize the exploitation of global data con-
tinuity along the primary direction, effectively mitigating cache miss
issues and minimizing memory accesses. This distinction in data man-
agement is the sole difference between x and y/z fluxes computations.
Ultimately, chunked variable implementation, even enhancing the per-
formance, would enable computation solely for domains featuring a
point count that is either less than vec_size =64 or a multiple thereof.
To achieve full generality for domains with cardinalities not constrained
by multiples of vec_size, minimum operations on indices are incor-
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sl integer i),k
4 integer :: bL, bR

6| bL = weno _num — 1
71bR = weno_num

default (present)
vector collapse(3)

o| I $acc parallel
w| $acc loop gang,

11 k = sz—l,ez

12 ] = sy—1,ey

13 i = sx—1,ex

14

5 weno _flag xyz(i,j,k) = minval(weno flag(i—bL:i+BR,j k))

16 weno _flag xyz(i,j,k) = weno_ flag xyz(i,j,k) + 2«minval(weno_ flag(i,j—bL:j+bR, k))
17 weno flag xyz(i,j,k) = weno flag xyz(i,j,k) + 4xminval(weno flag(i,j, k—bL:k+bR))

»| ! $acc end parallel

subroutine spread hybrid convective scheme flag

sl end subroutine spread hybrid convective scheme flag

Algorithm 3. Pseudocode associated with the spreading of data structure collecting shocks locations.

ifinteger ,

e
5 (weno_flag chunk(k) = bit)
6 ! the flow is smooth
8 /

the flow is shocked

parameter :: bit = /! 1,2,4 dipending on the Cartesian direction

sl weno flag chunk(i) = iand(weno flag xyz(igbl j, k), bit)

Algorithm 4. Pseudocode associated with bitwise operations associated structure collecting shocks locations.

porated, rescaling of indices within the do loops, as exemplified in lines
14 and 17 in Algorithm 2.

Our optimization efforts extended beyond the chunking methodol-
ogy outlined above. In particular, to enhance the efficiency of convec-
tive flux computation and mitigate risks associated with warp/wave-
front stalling, a crucial consideration in hybrid schemes involves
spreading data structures containing information about shocked/non-
shocked nodal positions. In URANOS-1.0, the spreading of the three-
dimensional integer (kind = 4) structure demanded for this task,
weno_flag xyz, was dynamically determined during flux computa-
tion. However, this approach proved incompatible with the operational
characteristics of GPUs, chiefly due to issues related to warp/wavefront
stalling. Spreading such data structures is fundamental for properly
working the whole algorithm since identifying shocks/shocklets’ lo-
cation through Ducros-like detection methods can determine solitary
nodes due to the noise associated with the fields or turbulent fluctu-
ations. This scenario poses a significant threat to simulation stability
when such a singular nodal location is subsequently addressed with a
shock-capturing scheme. Thus, expanding the coverage of shocked loca-
tions becomes imperative to keep simulation stability, ensuring a mini-
mum extension equivalent to the stencil of the employed WENO/TENO
scheme.

In light of this consideration, the decision is made to execute the
spreading of the three-dimensional variable responsible for managing
shock positions as a distinct operation from the computation of con-
vective flux. Algorithm 3 reports the function adopted for this purpose.
Notably, the kernel orchestrates a localized reduction of the variable by
internally defining its minimum value within a stencil of size bL:bR -
recall that a cell flagged as shocked corresponds to a value of zero in
the weno flag_ xyz variable, whereas a cell marked by a smooth flow
is represented by a value of 1. Thus, the bL and bR parameters are con-
tingent upon the order of accuracy and, consequently, on the stencil
necessary for computing the WENO/TENO schemes. To achieve the lo-
calized reduction, the intrinsic Fortran function minval is employed.
Lastly, it is noteworthy that the summation of the weno flag xyz in
the y and z directions is organized by multiplying its values by 2 and
by 4 along the y-axis and z-axis, respectively. This aspect constitutes a
secondary optimization to minimize the field variables required to store
the shock-affected nodal locations. Finally, in the convective flux calcu-
lation, we implemented a bitwise flag selection procedure to selectively
define the chunked variable associated with weno flag xyz. Algo-
rithm 4 provided the code excerpts for this implementation.
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4.3. Optimization of viscous fluxes computation

According to the outcomes highlighted in the bottlenecks investi-
gation (see Fig. 3), the second optimization objective focused on en-
hancing the viscous terms kernel. Viscous fluxes rank as the fourth
function experiencing the lengthiest time per iteration. However, their
computational structure significantly differs from that employed for
convective contributions. Specifically, the viscous terms involve a
singular three-dimensional loop that accesses several i,j,k struc-
tured data and computes the necessary derivatives of fluid quanti-
ties via finite difference operations. Drawing from the insights gained
while optimizing convective terms, employing two or three-dimensional
chunks for such computations would be beneficial. This approach
would involve defining static nx, ny,nz data structures to leverage
the potential offered by the !$acc cache directive, hoping for a
benefit comparable to that observed for the computation of convec-
tive terms. Given that the kernel operates purely in three dimen-
sions, the chunking approach can be automatically performed by
the compiler, leveraging the tile option of the !$acc loop di-
rective over the kernel loop, i.e., according to the following syntax:

!'$acc loop gang, vector tile(nx,ny,nz)

Specifically, the tile option instructs the compiler to handle two- or
three-dimensional data structures through chunks of size nx X ny X nz,
replacing the collapse (3) option and, in specific scenarios, yielding
enhanced performance [61]. Numerous attempts have been undertaken
to identify the optimal chunk sizes for the t i 1e option. The exploration
involved testing both three-dimensional and two-dimensional combi-
nations. Unfortunately, performance deterioration is observed in all
configurations compared to the baseline version. This outcome can be
clarified by considering the following rationale: in loops with a three-
dimensional structure, the chunks’ overlap - mandatory to ensure finite
difference operations - becomes non-negligible as the chunk size de-
creases. Consequently, small chunks lead to performance degradation.
On the contrary, relative to the inner-chunk computational nodes, the
percentage of chunk ghosts rapidly diminishes when working with large
chunks. However, large chunks cannot be fully accommodated in the
shared memory, resulting in performance degradation due to L1/L2
cache misses. Tests revealed the absence of a viable compromise, and
the tile-based strategy implementation exhibited a performance re-
duction compared to the collapse (3) baseline approach.

Given the limited storage capacity of shared memory, another path
is followed. In particular, we tried to define small arrays buffer - dy-
namically extracted during the loop from three-dimensional variables -
that encapsulate the essential values required for finite difference oper-
ations. Such arrays, effectively collecting the field values necessary for
a computational stencil and being statically declared, can be directed to
the shared memory using the cache directive according to the following
instructions:

i|real(rp), dimension(—bL:bR) uxbfr
2 k,j,i
3 !'$acc cache(uxbfr)

4 uxbfr = U(i-bL:i+bR,j k)

This implementation, too, failed to yield overall benefits. While the
loops dedicated to finite difference calculations experienced a signif-
icant reduction in computational cost, the buffers’ extraction for all
variables across the three Cartesian directions nullified this advantage.
Consequently, the overall kernel computational cost remained compara-
ble to the baseline solution. From these attempts, it has been concluded
that the kernel responsible for computing viscous terms is inherently
memory-bounded, providing minimal room for optimization through
less intrusive refactoring actions. Attempts with straightforward combi-
nations of OpenACC optimization directives have not yielded apprecia-
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i| subroutine ComputeWallModeling

3 wmles module, OdeWMLES

s| I looping over a wall

default (present)
vector collapse(2)

71 1$acc parallel
s| /$acc loop gang,

9 k = sz,ez

10 i = sx,ex

11

2 inputs = ! i,k dependent

13

14 OdeWMLES (inputs , tauWall , gWall)

8| ! $acc end parallel

20| end

subroutine ComputeWallModeling

Algorithm 5. Pseudocode associated the wall modeling computation.

ble improvements. Hence, we chose a more conventional optimization
paradigm by minimizing division operations, and reusing variables to
stress the registers. These precautions contributed to the noteworthy re-
sults already depicted in Fig. 3b, which we will discuss in detail in the
following of this paper.

4.4. Optimization of the wall model computation

Finally, substantial revisions are applied to the wall modeling ker-
nel. Unlike previous sections, the refactoring approach did not adhere
to specific strategies since the primary factor contributing to the com-
putational time of wall modeling is closely tied to the iterative solution
of the thin boundary layer equations. The solution of these translates
into solving two non-linear systems of equations — one for momen-
tum and one for energy conservation within the boundary layer — in
a segregated manner. The process is genuinely serial for each wall lo-
cation, and it is demanded to the OdeWMLES subroutine as sketched in
Algorithm 5. Given this implementation, the parallelization granularity
is exhausted by distributing threads over the 0deWMLES calls. Conse-
quently, the subroutine is subjected to serial operations. Thus, in pursuit
of enhancing this kernel, the refactoring primarily concentrates on mit-
igating bottlenecks and minimizing idle operations of the OdeWMLES
routine. The following measures are specifically implemented:

1. Removal of idle division and exponential operations. The WMLES in-
terface is dynamically established, considering local resolution and
flow characteristics. Thus, the grid required for discretizing thin
boundary layer equations is computed point by point along the
wall-normal direction. Specifically, the grid adopts a geometric
progression distribution of nodes, necessitating iteration for cal-
culating the ad-hoc stretching factor. In URANOS-1.0, this process
involved resource-intensive iterative steps employing multiple ex-
ponential operations. In the solver’s current version, we have ac-
tively worked to streamline and reduce such operations.

2. Function calls inlining. Within the 0deWMLES subroutine, iterative
calls to the functions solving the tri-diagonal system of equations
arise from the second-order finite volume method discretization of
thin boundary layer equations. These processes utilize a standard
Thomas Algorithm, now condensed into a few embedded lines.

3. Elimination of idle outputs. Finally, in URANOS-1.0, the OdeWMLES
function generated velocity (u_wm) and temperature (T_wm) pro-
files derived from the solution of thin boundary layer equations.
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Fig. 4. Time per iteration for URANOS-1.0 and 2.0 using different GPU archi-
tectures. For the AMD MI250X, tests are run on a single GCD and reported time
are halved to consider the potential of a full GPU.

This required declaring u_wm and T wm arrays as private struc-
tures within the $acc loop, creating individual copies for each
GPU thread. Since u_wm and T wm are solely utilized for deter-
mining wall friction and heat fluxes, 0deWMLES in URANOS-2.0
exclusively outputs the wall shear stress and heat flux scalar val-
ues. This design eliminates the need for private copies of u_wm and
T wm, streamlining the computational process.

5. GPU performance comparison
5.1. Global time per iteration comparison

After examining the methodologies employed to optimize the code’s
computationally intensive sections, this section presents the perfor-
mance speedup achieved by URANOS-2.0 compared to its initial release.
The focus is mainly on evaluating how the refactored code performs
across various cutting-edge GPGPU architectures, including the NVIDIA
V100, A100, and H100, as well as the AMD MI250X. Performance eval-
uations are conducted in a realistic flow scenario using the previously
discussed test case involving the 50 million points hypersonic boundary
layer. For NVIDIA cards, simulations are carried out on a single GPU;
however, a different approach is warranted for the MI250X card, which
features two separate Graphics Compute Die (GCD). Relying on a single
MPI rank may be limited in assessing the performance of this architec-
ture. Therefore, the MI250X architecture is tested with one and two MPI
ranks sharing the same GPU. Only one MPI rank is utilized for profiling
activities to compare with the NVIDIA profiling process and avoid the
complexities of simultaneously profiling two MPI ranks. The obtained
times are halved to account for the scaling factor, considering an ideal
linear scaling between one and two processes. For completeness, the
linear scaling is verified by running the same test over two MPI ranks,
namely the whole MI250X architecture, and a difference of less than 1%
of the time-per-iteration is observed compared to single-rank execution.
Finally, it is worth noting that using a single MPI rank does not cause a
loss in generality as it introduces the complexities related to MPI data
exchange due to the management of periodic boundary conditions.

Fig. 4 presents the time per iteration as a function of the solver
version and chosen architecture. The left-hand-side columns depict the
results for URANOS-1.0, whereas the right-hand-side bars report the
outcomes for URANOS-2.0. Focusing on the performance obtained on
NVIDIA cards, the time per iteration demonstrates nearly linear scaling
with technological advancements, regardless of the solver version. For
instance, transitioning from URANOS-1.0 on V100, where the time per
iteration stands at 1293.3 ms, to URANOS-1.0 on H100 yields a 2.7x
speedup solely attributable to technological advancements. This obser-
vation underscores the consistent impact of technological progress on
the computational efficiency of URANOS across various present and,
hopefully, upcoming platforms. In the rightmost set of columns, the
times per iteration for the enhanced version of URANOS are presented.
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Specifically, compared to URANOS-1.0, there is a 1.75-fold acceleration
on V100, a 1.79-fold improvement on A100, and a 1.94-fold increase in
H100. Thus, it is noteworthy to bring to the reader that the computation
of 50 million fluid points utilizing high-order schemes on a single GPU
has experienced an intense acceleration if we look at the whole picture.
This goal results from a synergy between technological advancements
and optimization efforts. Specifically, the time per iteration decreased
from 1293.3 ms in URANOS-1.0 on the V100 to 246.6 ms in URANOS-
2.0 on the H100. This improvement amounted to an overall speedup
of 5.24x. It is essential to mention that data for AMD cards is not in-
cluded for URANOS-1.0, as the earlier version of the solver did not
support these architectures. Thus, a historical trend cannot be traced
for AMD products. Nevertheless, it is noteworthy that the performances
of URANOS-2.0 on AMD cards are comparable to those attainable on an
NVIDIA V100 GPU.

5.2. Refactored routines performance comparison

Once a specific technology is fixed, the improvement lies exclu-
sively in the optimization process applied to the solver, leveraging the
strategies detailed in the preceding paragraphs. Thus, we thoroughly
examined the performance of the five functions subjected to the refac-
toring process. Fig. 5 analyzes the time per iteration for key subroutines,
including WENO-EP-X/Y/Z, viscous fluxes, and the wall model ker-
nel. The data is presented with respect to different solver versions and
adopted technologies. Notably, the consistent 2X improvement in over-
all calculation time remains evident across various platforms, encom-
passing V100, A100, and H100 architectures. However, as discussed in
Section 5.1, the overall speedup per iteration falls slightly short of this
factor. This discrepancy is attributed to unoptimized sections within
URANOS, which, while marginally contributing to the total computing
time, do not significantly diminish the gains achieved by optimizing
the five highlighted routines. Turning attention to the A100 architec-
ture, while similar observations apply to all NVIDIA and AMD cards, a
notable distinction arises in the WENO-EP X and WENO-EP Y/Z com-
putations. Specifically, WENO-EP Y/Z takes approximately 30% longer
than its counterpart in the x direction, a disparity stemming from the
distinct data access model along the y and z directions, necessitating ac-
cess to device memory in a way misaligned with Fortran’s data storage.
This dissimilarity persists even in the optimized scenario (URANOS-
2.0). Notably, WENO-EP X achieves a ~ 3Xx speedup, contrasting with
the consistently around 2x speedup observed in the other advection
flux computations. This emphasizes the tangible impact of the opti-
mization process in addressing challenges associated with data access
models. Instead, the performance comparison related to viscous terms
follows a different pattern, exhibiting a consistent twofold increase in
speed across the three NVIDIA architectures during the transition from
URANOS-1.0 to URANOS-2.0. In contrast, their impact appears notably
persistent on the AMD architecture, with a time per iteration compa-
rable to URANOS-1.0 on the V100 card. However, the true divergence
in performance across architectures becomes evident in the computa-
tion of the WMLES kernel. Following optimization efforts, the time per
iteration for this kernel significantly decreases, from 45.58 ms/iter in
URANOS-1.0 on NVIDIA V100 cards to 5.21 ms/iter in URANOS-2.0 on
NVIDIA H100 cards. In contrast, the same kernel requires 19.52 ms/iter
on AMD MI250X, a value closely aligned with the performance of
URANOS-2.0 on V100 cards. Considering the time needed for calcu-
lating viscous flows and the latter performance obtained over the WM-
LES kernel, it becomes apparent that the overall time per iteration of
URANOS-2.0 on an AMD card is on par with the performance on a
V100 card, as observed in Section 5.1.

Let us delve into data reading and writing associated with the five
routines under investigation. For our subsequent analyses, we will fo-
cus specifically on the device’s main memory data movement, which is
of paramount importance compared to other memory segments. Fig. 6
provides a detailed overview of the data movement (readings and writ-
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ings) from/to the device’s main memory for the five refactored routines.
Results are still reported for the two URANOS versions (left and right
columns) and the whole set of tested GPGPUs. The findings offer valu-
able insights, particularly concerning the computational kernels for con-
vective fluxes. Implementing a chunk strategy has led to a significant
reduction in data movement. Importantly, this approach involves mini-
mal read and write operations in the main memory of both NVIDIA and
AMD cards, representing a substantial decrease compared to URANOS-
1.0. Peak improvements of 2x are observed for WENO-EP Y/Z, while
for WENO-EP X, peak reduction of 7x is achieved. These benefits can be
attributed to the use of statically declared chunks for one-dimensional
arrays, instructing the compiler to store them within shared memory
via the !$acc cache directive. The approach significantly reduces
access to the main memory device, contributing to the observed in-
crease in performance in terms of time per iteration. The wall model
kernel exhibits a comparable observation achieved through a distinct
approach. Despite undergoing no specific alterations in variable stor-
age and being refactored in more conventional terms, we observe a
virtual disappearance of data readings and writings associated with
the wall model kernel in the case of H100 URANOS-2.0. In contrast,
these data movement components remain relatively stable in all archi-
tectures and particularly persistent for the MI250X. The key lies in the
increased cache per streaming multiprocessor of H100 compared to pre-
vious NVIDIA generations and the AMD card. The augmented cache
enables the compiler to store all the critical vector information for wall
model calculations within its confines. However, it is crucial to empha-
size that the refactoring work in URANOS-2.0 plays a pivotal role in
this scenario. In fact, with URANOS-1.0, paired with the H100 archi-
tecture, there is no discernible reduction in data movement associated
with wall modeling. Moreover, it is noteworthy that the data move-
ment linked with viscous flux computation shows minimal variation
across the solver versions and selected architectures. Particularly, the
subroutine exhibits significant data movement intensity for the AMD
card. This observation highlights the inherent memory-bound nature of
the viscous flux computation, where advanced strategies, like variable
chunking or alternative memory management approaches, provide lim-
ited opportunities for efficiency enhancement. As a result, the observed
speedup in this specific solver segment primarily arises from minimizing
idle operations and maximizing the reuse of identically named variables
to optimize register usage.

A roofline analysis is performed to demonstrate the performance en-
hancements more effectively [62-64]. In particular, the analyses are
straightforwardly available on actual versions of the NVIDIA Com-
pute suite, while for AMD cards, manual reconstruction of the perfor-
mance has to be resorted. Specifically, the Frontier user guide has been
adopted to collect the write- and read-requests and floating point oper-
ations [65]. This evaluation method is beneficial in assessing a device’s
performance relative to its peak capabilities and identifying bottlenecks
that can aid in further optimization. To create a roofline plot, the per-
formance of a kernel (measured in TFLOP/s) is plotted as a function of
Arithmetic Intensity (AI), which is the ratio of floating-point operations
to data movement (FLOPs/byte). A roofline plot consists of two ceil-
ings, a roof, and a region below the first ceiling that is limited by the
device main memory bandwidth, known as the memory-bound region.
Different levels of memory, such as L1 and L2 caches, can be consid-
ered, resulting in varying memory ceilings. In this case, we focus on
a standard roofline analysis based on the device’s main memory. The
area below the roof is constrained by the device’s peak performance,
which is referred to as the compute-bound region. Peak performance
is typically assumed to be that of Fused Multiply-Add (FMA) opera-
tions, which is not achievable in realistic CFD computations. Fig. 7
shows the results of this analysis. In the context of CFD codes, it is
customary for the most computationally intensive operations to reside
within the memory-bound region. Analysis of the data revealed that all
five functions fell below this region. However, all refactored routines
indicate consistent and noteworthy improvements in Al and TFLOP/s

13

Computer Physics Communications 303 (2024) 109285

performance. An increase in Al signifies improved computational ef-
ficiency relative to data movement in a given computing task, which
is a desirable outcome for CFD codes and similar applications. Higher
Al values represent an increased number of floating-point operations
executed per unit of data transferred, optimizing the available main
memory bandwidth utilization. In practical terms, a higher AI often im-
plies enhanced data locality and a more efficient use of computational
resources, leading to improved overall performance. This balanced ap-
proach mitigates potential bottlenecks associated with memory access.
Therefore, when discussing Al improvements, we highlight progress to-
ward a more efficient and balanced use of computing resources. All
refactored subroutines (a part of viscous flux computation) experienced
a noteworthy boost in Al, a key indicator of enhanced efficiency. This
increase in Al led to cascading effects on performance, as evidenced by
the increase in TFLOP/s, thus reducing the computational time. This
positive trend extends to the entire picture, particularly for the wall-
modeling kernel in the H100 architecture, where the Al improvement
is an outlier. Importantly, this advancement positions the wall model-
ing in H100 outside the memory-bounded region, indicating substantial
progress in meeting the computational demands with greater efficiency.
This result is, of course, a combination of kernel refactoring and en-
hanced technologies. Lastly, it is worth noting that the computation of
viscous fluxes stands out as the only function where no improvement
in Al is achieved. This lack of benefit is attributable to the inherent
structure of these terms, which limits the enhancement of local data
exploitation. Despite this specific case, the refactoring operations were
successful in pushing this routine to approach the theoretical limit of the
memory-bound ceiling for the entire set of NVIDIA hardware. In con-
trast, a distinct behavior in the computation of viscous terms is observed
for AMD architectures. Here, viscous flux computations exhibit low Al
values and are significantly distant from the memory-bound edge. This
observation may suggest the possibility of developing two different ver-
sions of the viscous terms subroutine—one optimized for NVIDIA cards
and another for AMD cards—acknowledging the architectural differ-
ences. However, for the sake of simplicity, such complexity was not
pursued in this work.

5.3. Multi GPU scaling and performance

After examining the performance attainable with a single GPU, we
now focus on URANOS-2.0’s multi-GPU capabilities. To gauge solver
efficiency, we employ the computational power of Leonardo-booster
(Cineca) and LUMI-G (CSC) supercomputers partitions. The former,
Leonardo, represents a TIER-0 architecture based on the Atos BullSe-
quana XH2000 architecture, comprising 3456 Intel Ice Lake nodes, each
equipped with 32 cores and complemented by 4 NVIDIA A100 SXM4
64 GB GPUs. LUMI is an HPE Cray EX system consisting of 2978 nodes,
each equipped with a 64-core AMD Trento CPU and four AMD MI250X
GPUs. Leonardo and LUMI currently rank sixth and fifth among the
world’s fastest supercomputers as per the November 2023 Top500 rank-
ing. The NVIDIA HPC SDK 23.1 compiler from NVIDIA, and the AMD
ROCm 5.2.3 suite with the Cray Programming Environment (CPE) re-
lease 23.09, are utilized for conducting tests in this study. A GPU-aware
communication model is implemented to maximize data exchange effi-
ciency, obviating any unnecessary transfers between the CPU and GPU.

Fig. 8 provides a visual representation of the code’s parallel perfor-
mance over Leonardo supercomputing architecture, emphasizing both
the strong scaling (Fig. 8a) and weak (Fig. 8b) scaling. The data are re-
ported as a function of the number of computing nodes and of GPUs.
For strong scaling, the metrics are determined by maintaining a con-
sistent total number of grid points, specifically with dimensions set to
N, XNy, XN, =1024 x 1024 X 512 ~ 536 - 10%, while varying the re-
sources involved in the computation. Conversely, for weak scaling, the
computational unit size per node remains fixed, still at 536 - 10° grid
points, allowing for the evaluation of the network efficiency and effec-
tiveness of the parallelization strategy. Experiments are conducted on a
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tri-periodic flow with zero velocity, unit temperature, and unit pressure.
Specifically, investigations use the EP 6 and TENO 7 schemes, with the
latter representing the least and the most computationally demanding
schemes disposed of by URANOS-2.0. Fig. 8a illustrates that the strong
scaling pattern closely approximates the ideal behavior with efficiency
of nearly 50% for TENO 7 and 30% for EP 6 over 256 nodes. It is worth
noting that even with 64 nodes, the efficiency remains steadily high,
reaching approximately 80% and 54% for TENO and EP, respectively.
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The superior efficiency of the TENO scheme is mainly due to its ability

to manage an increased computational workload effectively compared

to MPI communications. In contrast, the EP scheme demonstrates a less

pronounced efficiency in this regard. Regarding weak scaling (Fig. 8b),

the solver demonstrates good efficiency, particularly with its ability to

maintain good performance up to an impressive scale of 1.4 - 10'! grid

points over 256 nodes. Specifically, TENO 7 sustains an efficiency of
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compared to Leonardo.

Table 3
URANOS-2.0 wall-clock time per time step on Leonardo and LUMI architec-
tures using a multi-GPU framework.

Wall-clock time (Leonardo) Wall-clock time (LUMI)
Nodes GPUs EP [s/iter] TENO [s/iter] EP [s/iter] TENO [s/iter]
1 4 8.49.107! 2.30 1.20 4.92
2 8 4.54-107! 1.17 6.02-107! 247
4 16 2.46-107! 5.98-107! 3.05-107! 1.24
8 32 1.34-107"  3.10-107! 1.68-107"  6.56-107"
16 64 7.26-1072 1.58- 10! 9.16-1072  3.40-10"
32 128 404-102  8.44-1072 4921072 1.81-107"
64 256 2431072 4.61-1072 2.99.1072 1.01-107"
128 512 1.58-1072  2.73-1072 1.87-1072  5.55-1072
256 1024 1.17-1072 1.84-1072 139102 3.40-1072

approximately 93% up to this maximum size, whereas EP maintains a
commendable efficiency of 80%.

Fig. 9 presents the results for the LUMI architecture, which demon-
strate similar outcomes as those observed for the Leonardo cluster. It
must be noted that because each MI250X is composed by two GCDs,
MPI ranks are doubled for LUMI scalings compared to Leonardo. Specif-
ically, in terms of strong scaling (Fig. 9a), LUMI exhibits performance
comparable to Leonardo, with an efficiency of around 57% for TENO
on 256 nodes and 34% for EP on the same number of nodes. However,
in the case of weak scaling performance (Fig. 9b), the LUMI architec-
ture diverges from Leonardo, as URANOS-2.0 maintains a consistently
very good level of efficiency, reaching approximately 94% and 96% for
EP and TENO, respectively, at the peak of 256 nodes. The discrepan-
cies between the two architectures can be attributed to differences in
network performance and the lower performance of the MI250X cards
compared to the A100 cards, exacerbating the computational workload
relative to the MPI data movement.

Finally, for greater clarity and to provide more information to the
reader, Table 3 reports the wall-clock time per iteration for the two ar-
chitectures as a function of the number of computational units in use.
Notably, even when using TENO 7 on Leonardo, the time per itera-
tion in a realistic scenario (i.e., using 32 nodes, which reflects typical
machine traffic) is approximately 8.5-10~2 s/iter. This implies that com-
pleting 10 million iterations, which is often required for studying the
low-frequency dynamics of a wall flow problem, would take around 10
days.

6. Conclusions

We have presented URANOS-2.0, a renewed and refactored version
of our in-house developed, GPU-accelerated Navier-Stokes solver, de-
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signed explicitly for compressible wall flows. The solver employs a
high-order/high-resolution finite difference framework to address DNS,
WRLES, and WMLES of compressible wall flows. In particular, the ac-
tual release has been optimized to take advantage of the most recent
opportunities offered by the international pre-exascale HPC architec-
tures. To summarize present work outcomes, three major points make
the current version outperform the solver precursor:

1. URANOS-2.0 introduces enhancements to the solver options, ex-
panding the array of numerical schemes and flow modeling capa-
bilities. This further extends the already comprehensive modeling
opportunities the URANOS 1.0 version provides.

2. In contrast to its initial iteration, which was specifically tailored for
NVIDIA GPUs, URANOS-2.0 fully leverages the OpenACC standard,
enhancing vendor neutrality and including AMD card to underscore
the solver’s adaptability to diverse GPU architectures in the ever-
evolving HPC market.

3. Due to an intense refactoring of the most computationally demand-
ing kernels, URANOS-2.0 achieves heightened performance with
a time-per-iteration reduced by two over equivalent architectures.
Moreover, compared to version 1.0, optimized for NVIDIA V100
cards, the current version running on NVIDIA H100 GPUs attains a
speedup of over fivefold.

The solver’s capabilities are evaluated on two premier multi-GPU
architectures within the EuroHPC JU: LUMI and Leonardo, ranked fifth
and sixth globally according to the November 2023 Top500 ranking.
The solver demonstrates very good performance over both, boasting
over 80% strong scaling efficiency across 64 compute nodes (256 GPUs)
for both LUMI and Leonardo and reaching approximately 95% and
90% weak scaling efficiency on LUMI and Leonardo, respectively, when
scaled up to 256 nodes (1024 GPUs). In essence, the current URANOS
iteration establishes itself as an increasingly flexible and multi-platform
fluid dynamic solver able to exploit the most performing supercom-
puting architectures available in Europe and address limitations found
in other freely available software. In particular, two key features con-
sistently set URANOS apart from other similar software in the CFD
panorama: i) Leveraging OpenACC as a standard directive-based lan-
guage extension, URANOS achieves vendor-neutral compatibility with
contemporary and future GPU-based clusters. This minimizes the tuning
process and refactoring efforts amid the HPC market’s dynamic changes
and continuous evolution. Consequently, URANOS stands out as an
easily maintained, open-source, and flexible platform prone for up-
coming GPU technologies. ii) Unlike currently available high-resolution
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open-source solvers primarily based on DNS, URANOS adopts cutting-
edge turbulence modeling strategies, specifically LES and WMLES ap-
proaches. This choice positions URANOS as a pivotal starting point for
developing more complex physical models tailored to engineering appli-
cations. The program’s future advancements will incorporate the treat-
ment of complex geometries to address engineering-based applications
as those in [66,67]. The open-source version of the code is accessible at
the following link: https://github.com/uranos-gpu/uranos-gpu.
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