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Abstract

The increasing need for higher resolution and greater accuracy in
weather forecasts and climate simulations continues to drive soft-
ware and hardware developments in high-performance computing
(HPC) systems. To achieve increasingly faster simulations, the adop-
tion of hardware accelerators has proven highly effective in recent
years. However, these HPC codes exhibit, in parts, divergent mem-
ory access and computation patterns. Hence, their performance
benefits strongly depend on how well the software’s computational
characteristics align with the underlying hardware architecture.
While an accelerator may be well-suited for some code regions,
other architectures may achieve better performance and energy
efficiency elsewhere. We therefore propose a highly heterogeneous
setup for a performant and energy-efficient execution of complex
HPC codes such as those used in the weather and climate domain,
incorporating a variety of processor and accelerator architectures.

Using the climate and weather model ICON, we explore the
potential of mapping of components onto compute architectures.
We describe the design of a highly heterogeneous test cluster and
discuss its implications for middleware and software management.
Furthermore, we present our comprehensive energy measurement
infrastructure which allows for comparisons with water-cooled
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production systems. Leveraging this, we demonstrate that a het-
erogeneous cluster can achieve up to 40% higher energy efficiency
compared to a traditional homogeneous configuration.
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1 Introduction

High Performance Computing (HPC) provides hardware resources,
which enable software developers to run simulations that exceed
the capacities of standalone computers. Given the expense of HPC
systems, they are usually used for simulations with economic or so-
cietal benefits, such as thermo-fluid systems or weather prediction.
The ICOsahedral Nonhydrostatic (ICON) model is an example for
one of the latter. The model is employed operationally for weather
forecasting at the Deutscher Wetterdienst (DWD) and other mete-
orological services as well as for high-resolution production runs
on large high-performance computers, such as LUMI and JUPITER.
Both applications require substantial energy, with JUPITER capable
of consuming up to 20 MW. Given the cost of energy and hardware,
an efficient usage of system resources is beneficial in terms of total
cost-of-ownership, but also helps reducing the environmental foot-
print of the computing center. However, using hardware efficiently
is not an easy task since the algorithmic design defines the pat-
terns for data access and computation — and these patterns are not
necessarily reflected in the used hardware. While the increasing
heterogeneity of hardware could solve this issue and specialized
accelerators provide benefits for specific application classes, they
raise the issue of finding the best processor architecture for an
application. The era of heterogeneity in HPC is mostly dominated
by accelerators, which contribute more then 80 % to the most recent
Top500’s performance share! as shown in Figure 1.

100 1
g C—J No Accelerator
2 s NVIDIA
05 80 4
a8 mm AMD
“5g B Intel
@£ 601 mmm NEC Vector Engine
g% B Other Accelerators
§§ 40 4
g5
é 2 20 A
j o)
o
0 -+
» A O N “l & A o " %l “
RO RO IR
o o o & o & o o o o o

List [month/year]

Figure 1: Performance share of systems with accelerators in
Top500 lists over 20 years.

However, host processors that do not implement an x86-like
Instruction Set Architecture (ISA) are also increasing their share.
With this wide selection of architectures, systems can nowadays
be matched better to the software that they need to run.

In this paper, we analyze the efficiency of the ICON code on
a variety of hardware and propose a heterogeneous system that
can run this code efficiently as a decision aid for computing cen-
ter operators. The paper is structured as follows: In Section 2 we
provide background information on ICON and how heterogeneous
computing applies to it. This is followed by Section 3, where we
present selected related work in the field of heterogeneous high-
performance computing. In Section 4, we describe a cluster with
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five different contemporary processor architectures and two differ-
ent accelerators that we analyze for their performance and energy
efficiency. Following that, we present an analysis of how efficient
ICON can be executed on the selected architectures in Section 5.
We conclude our paper with a summary of our findings and an
outlook on future work in Section 6.

2 Background

The following section introduces the ICON modelling framework
and discusses its execution on heterogeneous hardware. We first
give a brief overview of ICON’s modular structure and the interac-
tion between its Earth system components. Afterwards, we provide
background on the challenges of utilizing heterogeneous hardware
and coordinating interactions between different components.

2.1 ICON

ICON is a state-of-the-art numerical framework developed to simu-
late weather and climate processes across a wide range of spatial and
temporal scales. It integrates multiple Earth system components,
including the atmosphere, the ocean, and ocean biogeochemistry,
enabling simulations of the full Earth system. Figure 2 illustrates
available components, their interplay and the corresponding fluxes.
It covers more capabilities of ICON than those evaluated in the ex-
periment presented in this paper. Ocean and atmosphere exchange
water, momentum and carbon at the sea surface via the coupler
YAC [15]. In addition, the land component of the atmosphere ex-
changes water with the ocean via the coupler and momentum,
water and in other setups carbon with the atmosphere directly. The
ocean biogeochemistry sub-model HAMOCC exchanges various
quantities with the ocean directly and in some setups carbon with
the atmosphere via the coupler. The tightly integrated land compo-
nent is not computationally demanding and therefore not further
differentiated in this paper, in contrast to the radiation component
of the atmosphere, which we regard explicitly.
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Figure 2: ICON components and their interaction, reproduced
from [16], licensed under CC BY 4.0.
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2.2 Running Climate and Weather Prediction
Codes on Heterogeneous Hardware

Achieving high performance and energy efficiency in HPC appli-
cations across various hardware architectures typically requires
dedicated porting efforts. ICON, in its various scientific configu-
rations, can run on a large number of architectures. However, not
every component is ported to each architecture. The most versatile
component is the atmosphere, which is ported to various kinds
of CPUs, including the ability to leverage OpenMP, to (NVIDIA-
)GPUs using OpenACC and to NEC SX-Aurora TSUBASA, a vector
architecture. All relevant subcomponents of the atmosphere, es-
pecially the computation of radiative fluxes, are ported to these
architectures as well. The ocean component and its subcomponent,
however, are, at the time of writing, only fully ported to CPUs. One
of the fundamental computational characteristic of all of ICON’s
components is that they are memory bandwidth bound on most
architectures.

Like in many other climate codes, the atmosphere and the ocean
run concurrently and exchange fluxes at the sea surface via a cou-
pling library (in ICON’s case YAC), which eventually uses MPL
Therefore, these components can be mapped to distinct comput-
ing architectures if a common MPI installation exists. A challenge
beyond the scope of this paper is the correct resource allocation.

Mapping additional components to separate architectures is
more complicated. First of all, we need two simulation processes
that can run concurrently — leaving an architecture idle during
waiting phases is almost guaranteed to decrease energy efficiency,
due to the fact that the systems power consumption and wait time
will still contribute to the overall energy. Second, the amount of
data that needs to be exchanged between the two components
should be rather small, since exchanging large amounts of data
takes additional time and a minimal runtime is beneficial to lower
energy consumption. In ICON, there are at least two components
which fulfill both requirements: radiation and ocean biogeochem-
istry. Currently, only the latter one can be run asynchronously
using the YAXT library. For the former, there was an asynchronous
implementation for a now outdated radiation scheme, which is no
longer present in the code.

The high-level interaction between ICON’s components run-
ning on three different architectures is depicted in Figure 3. As
the simulation progresses, components exchange data via different
coupling mechanisms and at different intervals. This also highlights
the challenge of balancing the computational cost of each compo-
nent with respect to the architecture. In this idealized figure, the
components are perfectly balanced such that there is virtually no
idle time between communication and computation. The challenge
of resource balancing is amplified as the number of participating
components increases and is a common issue in climate computing,
as highlighted, for example, in [1]. In a similar fashion, we balance
the resources for our experiment, which is described in more detail
in Section 5.
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Figure 3: Coupling between the ICON atmosphere, ocean and
ocean biogeochemistry components

3 Related Work

In the following, we provide an overview of previous efforts on
leveraging heterogeneous HPC clusters and how they integrate
into modern sites in Section 3.1. Finally, in Section 3.2, we discuss
approaches and challenges for reliable tooling to improve perfor-
mance and energy efficiency.

3.1 Heterogeneous High Performance
Computing

Heterogeneous high-performance computing is not a new concept
but has existed in various manifestations at least since the 1990s,
when massively parallel systems on the one hand and Beowulf-type
cluster systems on the other (initially still with homogeneous units)
started a shift away from the previous era of monolithic super-
computers. With the resulting increase in using standard hardware
for HPC and the independence of the parallel processors, the in-
troduction of heterogeneity was an obvious and simple step for
cost reduction and better scaling of specific applications. Further
development steps in heterogeneous HPC were the coupling of
different dedicated systems within supercomputing centers (meta-
computing) [33] as well as across data center boundaries (wide-
area computing) [7]. Similarly, in the field of cluster computing,
heterogeneity developed from a local network of inhomogeneous
computing resources (heterogeneous clusters), through the local
combination of different cluster installations (clusters-of-clusters),
to the transparent access of different cluster resources at different
computing sites (Grid computing) [9, 10]. However, in recent years,
heterogeneity in the presence of co-processors and accelerators
such as GPGPUs has also become increasingly widespread at the
node level, so that even homogeneous cluster systems of today usu-
ally feature this form of node-local heterogeneity. Previous efforts
have also explored employing heterogeneity by using multiple HPC
sites simultaneously, as detailed in [24]. In that work, the authors
motivate their approach by the increased resources available when
combining HPC systems, while also highlighting the performance
implications of using specialized sites, for example due to the avail-
ability of GPUs. However, aspects of energy efficiency and further
evaluations of the architectures used are not covered. In this paper,
we propose the use of a heterogeneous cluster with purpose-chosen
hardware, which we detail in the following chapters.
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3.2 Performance and Energy Efficiency Analysis
in Heterogeneous Platforms

There is a variety of interfaces and tools to monitor the perfor-
mance and occupancy of heterogeneous compute resources. These
interfaces are highly hardware dependent and implemented in the
respective drivers. Drivers typically provide monitoring data in a
proprietary way either through the device or through standardized
interfaces, such as the Linux perf infrastructure [11, Chapter 13] or
sysf's files. The kind of available monitoring data also depends on
the hardware architecture and is not standardized. To support users
in their monitoring efforts, hardware vendors also provide profilers
for their hardware. This includes NVIDIA (Nsight Compute [6]),
AMD (rocprof [3]), Intel (VTune [23]), and NEC (veprof [8]), which
are vital tools to analyze and optimize performance. However, in the
context of widely heterogeneous HPC, multiple additional demands
have to be met.

First, information should be provided in a global context: Since
parallelization paradigms such as the Message Passing Interface
(MPI) run applications that can span a large number (e.g. thou-
sands of) nodes, the gathered information needs to be merged and
made available within the logical context of the application. Sec-
ond, programs can run on different architectures simultaneously,
e.g., a parallel program might use AMD and NVIDIA GPUs for
acceleration, which is not supported by most vendor tools. Multi-
ple HPC tools have been developed to fit these demands, such as
Score-P [22], Caliper [5], HPCToolkit [2], and TAU [32]. We chose
Score-P for our additions described in Section 4.3 to be able to
measure heterogeneous ICON runs. Score-P furthermore supports
a diverse set of architectures as well as measurement modes for
recording traces, profiles and metrics [28].

While the optimization for runtime is generally considered to
reduce the energy footprint of an application, it can also impair the
energy efficiency, e.g., if the new, faster architecture has a much
higher power demand. We therefore focus on energy to solution as
a comparable metric across different architectures. For this, it is
necessary to be able to (a) measure the power of the computing sys-
tems (b) measure it correctly and (c) make the power measurements
between different systems comparable. While the first criterion can
be achieved easily, given vendor-based power sensors, like Intel’s
RAPL [13] (which was adopted by AMD processors as well [30]),
NVIDIA’s NVML [36], and AMD’s ROCM [4] interfaces, the second
criterion is already problematic. Due to the limited (and sometimes
not completely defined) scope of the sensors and timing accuracy,
they are not necessarily suitable as a reliable source of informa-
tion. Even worse, on some processors, these interfaces are likely
based on models that introduce additional incoherency [13, 29, 30].
Alternatively, power measurements can be implemented by the
system vendor [12, 19, 34] using additional onboard components.
While this is preferable to using a model, the remaining proper-
ties (definition of sensor placement, timing information, accuracy
information of used sensors ...) need to be accurate as well, but
are often not well documented. A third option involves manual
instrumentation, where power measurement devices are attached
to instrumentation points within a computer or on its power inlet.
Lastly, projecting the power consumption of a prototypical system
to an assumed production cluster adds new limitations: While the
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measurement of a node’s power consumption is certainly a valid
approach, power of components that will not be present in the
final system needs to be subtracted. This may include hard drives
or fans in the prototypical server, which will not be used in an
integrated production cluster if the servers there are diskless and
watercooled. To take all of this into account when comparing the
efficiency of the architectures in our test clusters, we describe our
power measurement and projection method in Section 4.4.

4 Design of a Widely Heterogeneous Test
Cluster

When it comes to the advantages of heterogeneous cluster systems,
the first thing to mention is the possibility of optimized resource
utilization, since different hardware can selectively be used by
suitable jobs, tasks and/or application parts. If such targeted task
distribution can also help to reduce energy consumption remains
to be proven. Furthermore, scalability and expandability are also
key considerations, as new hardware types can be integrated into
the system without breaking the assumption of a homogeneous
hardware landscape.

Our goal when setting up the heterogeneous test cluster is to
find a selection of different hardware platforms that are suitable to
execute ICON and are also promising regarding their energy effi-
ciency. In this section, we will therefore first discuss the hardware
selection in detail in Section 4.1, before returning to middleware
challenges and required adaptations in Section 4.2. Afterwards, we
focus on performance measurements and, in particular, present
the extensions made to the software tools for the analysis of the
performance counters on the different hardware platforms in Sec-
tion 4.3. This is followed by Section 4.4, where we describe energy
measurement at the node/hardware level and discuss the measuring
devices and metrics used for this purpose.

4.1 Hardware Overview

Our purpose-built cluster contains a representative selection of
state-of-the-art hardware, widely found in recent HPC deployments.
Beyond that, some legacy but very unique architectures are repre-
sented. Table 1 summarizes the equipped CPU and memory type,
accelerators, if present, the operating system, and the compilers
used. The energy efficiency of ICON running on a to be described
heterogeneous architecture combination is compared to a homoge-
neous reference. The reference system is equipped with AMD Milan
CPUs, which are part of the supercomputer Levante at Deutsches
Klimarechenzentrum (DKRZ).

As shown in the table, a broad selection of different memory
technologies is represented. In addition to regular DRAM, many
recent systems include HBM memory or even rely on it exclusively.
HBM memory offers higher bandwidth than regular DRAM, in-
dicating that especially memory-bound code paths would profit
from such memory. Over the years, the HBM standard has evolved,
resulting in increased memory bandwidth, which is reflected in
the various manufacturing periods represented in our cluster. An-
other development in the market is the introduction of MRDIMM.
By using multiplexing, the bandwidth per module increases. As
MRDIMM requires a processor that supports such memory, this
feature goes alongside an updated Intel processor from the latest



Improving Energy Efficiency and Performance of Weather and Climate Simulations by Leveraging Heterogeneity of Modern Systems [ICPE "26, May 04-08, 2026, Florence, Italy

Architecture Host Processor Host-accessible Memory Accelerator Operating System  Compiler
AMD Milan 2x AMD EPYC 7763 16x16 GiB DDR4, 3200 MHz - RHEL 8.10 Intel Classic 2021.10
AMD Genoa 2x AMD EPYC 9654 24x32 GiB DDR5, 4800 MHz - AlmaLinux 9.2 Intel Classic 2021.10
AMD Genoa-X 2x AMD EPYC 9684-X 24x32 GiB DDRS5, 4800 MHz - AlmaLinux 9.2 Intel Classic 2021.10
. . 16x16 GiB DDRS5, 4800 MHz . .

Intel Sapphire Rapids 2x Intel Xeon Max 9468 8x16 GiB HBM2 3200 MHz - AlmaLinux 9.2 Intel Classic 2021.10
Intel Granite Rapids 2x Intel Xeon 6980P 24x32 GiB MRDIMM, 8800 MHz - AlmaLinux 9.5 Intel Classic 2021.10
NVIDIA Grace Grace NVIDIA Grace CPU Superchip 240 GiB LPDDR5X - AlmaLinux 9.3 NVHPC 25.5

480 GiB LPDDR5X, .
NVIDIA Grace Hopper NVIDIA Grace (GH200) - NVIDIA Hopper (GH200)  AlmaLinux 9.6 NVHPC 25.5

96 GiB HBM3e
NEC SX-Aurora TSUBASA  Intel Xeon Gold 6126 6x16 GiB DDR4, 2666 MHz NEC SX-Aurora Tsubasa  po 1y Linuxg6 ~ NEC5.1.0

VE10B 48 GiB HBM2

Table 1: Architectures evaluated for their energy efficiency in heterogeneous ICON experiments. Information about memory

was gained via hwinfo and datasheets from NVIDIA and NEC.

product line. Whereas HBM memory, as of now, is no longer being
pursued for future Intel processor product lines, the adoption of
MRDIMM marks a shift in their product offerings. In addition to
the listed CPU architectures, our cluster also includes integrated
accelerators. It features NVIDIA Grace Hopper, which is widely
used in many recent HPC deployments. Furthermore, a particularly
unique component is a node equipped with NEC SX-Aurora vector
processors. This type of accelerator is specifically designed to en-
hance computing tasks that rely on vectorization and is used for
operational forecasting by the DWD using ICON.

4.2 Middleware Adaptations

As previously discussed, heterogeneity puts special demands on the
middleware, especially if it should be able to span an MPI session of
parallel processes across different node types and when exchanging
messages between them via a high-performance network. How-
ever, since its origins in the 1990s, the design of the MPI standard
[25, 26] has always taken also the possibility of heterogeneity into
account, for example, the possibility to exchange messages in the
form of explicitly declared data types, so that the respective MPI
library can perform transparently any necessary data representa-
tion conversions (for example, between little and big endian). Other
library-related aspects include support for different instruction set
architectures, as well as support for various network technologies,
memory models, and/or potential accelerators.

Fortunately, all host architectures selected for the test cluster
have more or less standard instruction sets (x86-64 or ARM, and
thus all operating in little endian), so no major problems were to
be expected in terms of support by the MPI library here. If that
had been the case, or if such a scenario arises in the future, an MPI
stack with heterogeneous capabilities would be required. This is
where ParaStation MPI comes into play, as it natively provides this
functionality.

ParaStation MPI library is inherently well suited as an MPI
provider for the deployment in heterogeneous environments. For
instance, ParaStation MPI also supports the simultaneous use of dif-
ferent network technologies and the respective routing of messages
through such heterogeneous networks. However, this feature did
not play a role for this effort, as the heterogeneous nodes in the test
cluster are all part of the same InfiniBand network. Nevertheless, it
should be mentioned that if a hardware platform did not support
InfiniBand and/or the required drivers, it would have been possible

to fall back to Ethernet and TCP for this specific connection. In this
way, such a platform can still be integrated transparently into the
primarily InfiniBand-based MPI sessions across the test cluster.

4.3 Performance Measurements

As introduced in Section 3.2, specially adapted performance anal-
ysis tools are needed for an efficient profiling of heterogeneous
applications. Supporting performance analysis in heterogeneous
systems comes with two key challenges: First, supporting the anal-
ysis of the individual architectures of the heterogeneous cluster
in isolation. Secondly, combining these independent analysis data
streams from a distributed, heterogeneous application run into a
coherent global view. A tool matching the first criterion could pro-
vide a comprehensive analysis framework for portable analysis
workflows, where an analysis workflow for architecture A could
be easily applied to architecture B. On the basis of architecture
support from the first criterion, a tool that is able to satisfy the
second criterion could be built that supports the holistic analysis
of heterogeneous HPC applications. For our use-case, the architec-
tures in Section 4.1 are relevant to the first criterion. To the best of
our knowledge, no tool exists that supports the analysis of all the
listed architectures. Also, no clear workflow exists for any of the
listed tools that enables out-of-the-box analysis of heterogeneous
runs as a whole, as required by the second criterion.

Given that no pre-existing tool can satisfy the criteria, we chose
to extend already existing tools to better match them. On the ba-
sis of these tools, we then created a heterogeneous performance
analysis workflow for our use-case. The tools we chose to extend
are Score-P [22] and lo2s [18]. Score-P is a unified performance
analysis architecture for analyzing multi-node applications. It is
well suited for the analysis of large runs of distributed scientific
applications, such as the ICON model that is of interest here. Use of
Score-P in a program-under-test is primarily enabled by recompil-
ing the program-under-test using the scorep-$COMPILER compiler
wrapper for the given target language. This compiler wrapper in-
struments the program-under-test according to the options supplied
to scorep-$COMPILER. In this instrumentation, Score-P can make
use of interfaces such as compiler, MPI (through PMPI) and OpenMP
(through OMPT) instrumentation.

Regarding the first criterion, Score-P already provides support
for all CPU and GPU architectures listed in Section 4.1. The only
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architecture not currently covered by Score-P was the NEC SX-
Aurora. We have detailed our adaptations to Score-P in [35]. The
NEC SX-Aurora, despite being a PCle attached accelerator card, is
in its programming model used more like a standalone comput-
ing system. We implemented support for the NEC SX-Aurora as
a host architecture by using its interfaces for compiler, MPI, and
OpenMP instrumentation. Our porting effort was helped by the
"cross compiling" mode of Score-P. In this mode, frontend tools such
as scorep are compiled for the (x86) host architecture. The only
part of Score-P that is actually compiled for the NEC SX-Aurora is
the one that interfaces directly with the architecture’s performance
analysis facilities, such as compiler instrumentation. This approach
greatly reduced the footprint of the code that needed porting. We
are currently in the process of upstreaming this NEC SX-Aurora
support to Score-P. With the first criterion covered, we moved to
make the support for the different architectures interoperable in the
same heterogeneous run. In the case of Score-P, this is challenging,
not only due to the heterogeneity of the different architectures
involved, but as it uses compile time instrumentation - with differ-
ent compilers needed for different platforms. For ICON, the most
efficient compiler for any architecture is most often the one sup-
plied by its vendor - for accelerator support, usage of the vendor
compiler is even required. In principle, this should not be a major
issue, as the instrumentation building blocks of Score-P are largely
built on platform-independent interfaces, such as PMPI, OMPT,
or cyg_profile_func. In practice, however, small differences in
each instrumented application can lead to major issues, especially
as Score-P, and similiar analysis tools, were created for a world
of homogeneous supercomputers. Such a homogeneous-centric
implementation will not always take the required care to ensure
that the code paths for different architectures are compatible. For
example, on x86 systems, the hardware tsc clock source is used,
while on ARM systems a gettimeofday based mechanism is used
by default. If a Score-P run combines x86 and ARM nodes, this by
default results in a dead-lock. This specific dead-lock is caused by
the fact that, the x86 tsc based time-stamp mechanism synchro-
nizes its clock across all nodes through the use of collective MPI
communications, while the gettimeofday based implementation
of the ARM side does not do such a synchronization. This leaves
MPI operations on the x86 side with no communication partner on
the ARM side, resulting in the dead-lock. The solution, as shown in
the Score-P documentation, is to explicitly set the clock-source for
all processes to gettimeofday. Beyond this specific issue, we took
care to explicitly set any of the Score-P parameters to the same
value, to avoid further interface mismatches.

Besides Score-P, we extended lo2s [18] to be usable as a perfor-
mance analysis tool in our heterogeneous setup. lo2s is a system
analysis tool, providing information about cross-cutting interac-
tions between software, operating system and hardware, while
Score-P has a strong software-centric view on applications. As this,
lo2s can provide further insights into ICONSs execution, as it shows
how ICON interacts with the operating system and hardware. For
its purpose, lo2s makes use of operating system and hardware in-
terfaces, such as hardware sampling and tracepoints. Unlike the
software instrumentation sources on which Score-P depends, this
approach does not require changes to the program- or system-
under-test.
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To satisfy the first criterion for heterogeneous performance anal-
ysis tools, we implemented support for recording both NVIDIA
and AMD GPU activity. With regard to the remaining architec-
tures listed in Section 4.1, lo2s already supports recording per-CPU
timelines [18] for all listed CPU architectures. Our addition of NEC
SX-Aurora support, detailed in [35], is primarily based on a vendor-
provided library that enables recording NEC SX-Aurora program
counters and performance monitor counters from the host system
side. Furthermore, to provide more useful insights for HPC appli-
cations, we created interfaces to OpenMPs OpenMP Tool (OMPT)
interface. The implementation challenge in this is that the inter-
faces provided for the analysis of NVIDIA and AMD GPUs as well
as the interface provided for OpenMP analysis are based on call-
backs. In this architecture, whenever an event-of-interest happens
in the application, as for example the start of a GPU kernel, the
application calls a callback that we previously registered with it.
As lo2s runs as a separate process, there is no way for the program-
under-test to call a function inside lo2s. The solution we developed
for this problem is composed of two parts: First, we created a stub li-
brary, which is loaded into the program-under-test via mechanisms
such as the OMPT OMP_TOOL_LIBRARIES environment variable. In-
side the program-under-test, this stub library register itself for the
events in the application that we want to monitor. Secondly, it sends
lo2s the file descriptor to a piece of shared memory created with
memfd_create via an Unix domain socket. When an event occurs,
the stub library then writes the event to this shared memory, from
which lo2s can then retrieve and record it. This not only allows us
to specifically extend lo2s perspective towards accelerators, but also
bridges the gap between lo2s’ purely program-under-test-external
implementation and program-under-test-internal measurement in-
terfaces. As lo2s is by design a single-node analysis tool, the second
criterion of being able to combine data streams from a heteroge-
neous multi-node execution does not apply to it. However, using
the Vampir tool [21], multiple traces can be opened in a comparison
view to analyze concurrent execution of multiple nodes. All lo2s
development detailed here has been upstreamed? and is available
in the 1.8.0 release.

With these performance analysis tools in place, it is possible for
us to analyze runs of ICON with Score-P that combine, for example,
usage of the CPU-only Intel Sapphire Rapids Node (using the Intel
Classic Compiler) and the CPU+GPU Grace Hopper Superchip
Node (using the NVHPC compiler) as listed in Section 4.1. Using
the HPC/Score-P topdown methodology developed and successfully
demonstrated on homogeneous ICON runs in [27], this extends the
analysis workflow developed therein to heterogeneous applications.
Furthermore, Score-P makes it easy to detect imbalances in the
execution of heterogeneous ICON runs, as such imbalances will
show up clearly in the resulting trace: In an ICON/Score-P run
that executes ICON heterogeneously with the same core count
spread over an Intel Sapphire Rapids and an Grace Hopper node,
the resulting trace easily shows that the Sapphire Rapids node is
heavily underutilized as its ICON processes spend the majority of
their time waiting on MPI communication from the Grace Hopper
side. We have used lo2s, on the other hand, for analysing application
operating-system interactions of ICON runs. For example, lo2s

Zhttps://github.com/tud-zih-energy/lo2s
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can record file I/O operations on multiple levels of the system
I/O stack. With this, we can tell whether the time cost of some
file operation is due to time spent in ICON or library code, the
operating system or in the underlying hardware, providing further
pointers for optimization of ICONS file operations.

4.4 Energy Measurement

Accurate per-node energy measurements are essential for assess-
ing overall efficiency. Choosing between on-board (e.g. RAPL) and
out-of-band measurements is challenging: on-board data varies by
vendor and architecture and may omit or include parts like mem-
ory, fans or interconnect. We therefore use energy counters of the
PDUs (Raritan PX2-5530) at node level, providing a 1% accuracy
that was additionally validated using LMG450 high precision pow-
ermeters. For the challenging DC power measurements of PWM
controlled motors, we employ a SIGLENT SDS3054X 12bit 500MHz
oscilloscope in combination with DP700 voltage and CP503B cur-
rent probes. Due to uncertainty propagation, the overall power
measurement accuracy of this setup is in the range of ~ 2.3%.

However, these out-of-band methods also include fan power,
which limits their transferability to water-cooled production sys-
tems. As the test cluster is expected to expand, subtracting air-
cooling power from node measurements is expected to provide a
more scalable alternative to evaluating board-level energy or power
metrics per platform. In absence of power sensors for all fans within
a chassis, we exploit the fact that fan speed is tightly monitored by
the BMC and commonly available via IPMI and create a projection
of fan speed to fan power consumption, which we will use in our
subsequent experiments.

The projection method is based on measurements of fans at cer-
tain speeds and their measured power consumption. However, a
direct instrumentation was not always possible, since the fan speed
cannot always be manually set and the cabling from mainboard
to the fan cannot always be temporarily replaced to connect mea-
surement devices. We therefore use three different approaches to
collect our fan power measurements:

o If fan speed can be set and fans can be instrumented, we
employ custom cabling to hook into the connections between
mainboard and fans and derive fan power from direct voltage
and current measurements.

o If fan speed can be set, but proprietary cables hamper a non-
destructive connection, we model fan power from overall
node power and sweep through various speed permutations
of all fans in the chassis. The fan power function for n fans (1)
is then fit to all measurements using non-linear least squares.
For this approach it is crucial to keep the remaining node
idle in order to maintain a constant idle offset power.

o Ifthe fan speed can not be set manually, we move fans into an
external setup with an external power supply and generate
the PWM control signal on a microcontroller.

Being closest to normal operation, the first option is considered the
most accurate. The second is the least invasive but less accurate,
while the last one is electrically accurate but misses the potential
impact of a different airflow inside the chassis. For most platforms
in the project, we employed the direct measurement method. In

case of the Granite Rapids architecture, we relied on the modeling
approach, and for Genoa-X, we needed a bench setup.

We note, that the actual fan power functions are highly hardware
and site specific, and report the results for the AMD Genoa system
exemplarily in Figure 4.
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Figure 4: AMD Genoa fan power model. Computed fan power
metric derived from direct measurements during fan speed
sweep.

The system was evaluated using direct voltage and current mea-
surements resulting in parameters a = 0.01, b = 0.09 for a fan power
according to Equation (1).

n
Proge = Pfans + Pigre = Z (ax} + bx}) + Piale (1
f=1

Lastly, all measured and computed metrics are aggregated using
the MetricQ [17] framework, allowing for straightforward access
from test scripts. In order to minimize aliasing effects, node energy
is recorded after masking init and warmup phases and running
experiments for a reasonably long time. Fan power from fan speed
is sampled every 0.5s, averaged and subtracted from node energy.
Since each benchmark is designed to optimally utilize a node, the
energy measurements need to be further normalized to represent
efficiency relative to a comparable amount of computational work.
With this measurement infrastructure in place, the evaluation of
energy efficiency has been largely automated, allowing for repro-
ducible and continuous evaluation of hardware.

5 Performance and Efficiency Analysis of ICON

In the following, the performance and energy efficiency of ICON
are analyzed. To this end, Section 5.1 provides details about the
investigated experiment and its relevance to production runs. Sub-
sequently, Section 5.2 outlines the metrics used in the evaluation.
After introducing the experiment and describing how its perfor-
mance is assessed on heterogeneous architectures, we proceed with
the actual evaluation, which is a threefold process. We distinguish
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between extracted relevant code paths, referred to as kernels here-
after, and independently runnable parts of ICON, which we refer to
as components. In Section 5.3, the extracted kernels that make up
ICON experiments are introduced. Furthermore, their individual
energy efficiency in our test cluster is evaluated. Afterwards, in
Section 5.4, components that make up ICON experiments are high-
lighted and evaluated for their most energy-efficient architecture.
Building on these insights, in Section 5.5 a heterogeneous ICON
experiment is assembled and evaluated.

5.1 Experiment design

The experiment design leverages some properties of climate sim-
ulations, which we want to introduce in this section. First of all,
we neglect initialization time and energy in our measurements,
since for climate simulations this is small compared to the runtime
doing actual simulation. The smallest unit representative for all
computational processes in the atmosphere is a radiation time step
which takes few ten seconds to minutes in production simulations,
depending on resources and resolution. During this, all other pro-
cesses are called a number of times. In theory, simulating only one
radiation time step would therefore be sufficient, but to obtain bet-
ter statistics on performance and energy consumption, we usually
run for at least one minute, which does not include the initialization
and warmup iterations. Additionally, each measurement is repeated
three times which allows for averaging the results.

In this paper, the atmosphere is configured with a 40 km resolu-
tion and the ocean with a 20 km resolution. The experiment itself is
a down-scaled version of the Cycle 4 experiment in [31] employing
a 10km atmosphere and a 5km ocean. While this downscaling keeps
the computational effort per node constant compared to the original
run, physical processes are no longer represented well which is
acceptable for technical experiments. We argue that the changes
in communication due downscaling do not have a significant im-
pact since weak and strong scaling of ICON is shown to be good
in [14, 20]. Consequently, our setup is a good representation of a
high resolution production setup.

5.2 Key metrics

For this paper we focus on two key metrics: time per step and energy
per step. In the Earth system simulation community throughput
(sometimes also called time compression 7) is measured in sim-
ulated years (or days) per day of wall clock time. This metric is
advantageous compared to pure wall clock time, since it is indepen-
dent of the simulated timespan, which may vary from a few days
when studying microphysics at high resolution to centuries when
studying global climate evolution. Throughput is also the metric
domain scientists are most interested in, since they want to make
the best use of their computational resources and are interested in
obtaining results fast. In this paper we are using wall-clock time
per simulated time step or time per step which is a slightly different
metric. The two differences are that time per step is inversely pro-
portional to throughput and that it neglects the size of each time
step At which is constant throughout our experiments.

The second key metric is energy per step, which captures en-
ergy efficiency in a manner analogous to time per step. This metric
optimizes energy consumption, but in many cases it also optimizes
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runtime since consumption for many architectures is not highly
load dependant. The latter argument breaks down when compar-
ing architectures, as a particular architecture may simultaneously
exhibit both low consumption and low throughput, resulting in a
good energy efficiency and unacceptable turnover. For this reason,
we always report both: throughput and energy consumption per
simulated time, with a primary focus on energy.

5.3 Kernels

ICON is capable of simulating a wide range of weather and cli-
mate applications. To assess the applicability of heterogeneous
computing architectures, we extracted a representative selection
of compute-intensive code paths. In this context, kernels do not
resemble those found, for example, in GPUs, but instead represent
a much coarser level of granularity, often referred to as dwarfs.
This allows for an independent evaluation of relevant code paths
that occur in widely used ICON experiments. Kernels enable us to
observe relevant code paths in isolation of other interacting aspects
of an experiment, which helps with tool development and reduces
complexity for benchmarking.

We show the investigated kernels in Figure 5 and discuss their
significance within ICON in the following. The kernel denoted as
non-hydro atmosphere represents the non-hydrostatic part of the
atmospheric model. As can be seen, this part contributes signifi-
cantly to the runtime of a typical ICON experiment. Another part
of the atmosphere is computation of radiative fluxes, which repre-
sents the simulation of radiation in numerical weather prediction
applications. This is referred to as radiation in the chart. While
radiation can consume a large portion of computational resources,
this depends on the configuration of the experiment and varies.
In the baseline experiment used as a reference for kernel extrac-
tion, radiation effects are computed only at every fifth timestep.
Another set of kernels represents parts of the ocean. Shown are the
vertical velocity advection (vert. ocean adv.) and the horizontal
velocity advection (horiz. ocean adv.) within the ocean. These,
along with other physical processes, represent the computational
portion of the ocean model. The remaining 8% represent runtime
contributing code, that is not covered by the investigated kernels.

The performance and energy efficiency depends on several fac-
tors that need to be considered during benchmarking. As with

Other

8%

Non-hydro

Atmosphere
36% Other physics

[s)

Vert. Ocean Adv.
9%

Horiz. Ocean Adv.
Radiation

Figure 5: ICON kernel runtime. Captured independent ker-
nels contribution to overall ICON runtime.
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most HPC applications, the number of participating MPI ranks and
OpenMP threads affects performance. Furthermore, ICON-specific
tuning parameters, such as the loop chunk length has a significant
impact on performance. CPU architectures can benefit from this
parameter by exploiting vectorization, while GPUs depend on it
to utilize a sufficient number of threads. In ICON, this is referred
to as nproma, and its value is architecture-dependent. On CPU ar-
chitectures, this value ranges from 8 to 32 and on NEC SX-Aurora,
752 has proven to be a good value used in production. On GPUs,
however, nproma should be set to the number of cells handled by
the corresponding MPI rank. Overall, it should be noted that a wide
range of possible tuning parameters exists. By employing auto-
mated and parameterized benchmarking, we are able to account
for this variability, and invested considerable effort to ensure that
each architecture is evaluated fairly. In terms of optimizing the
architectures, we followed the recommendations of the vendors.
Figure 6 shows the energy consumption of the investigated ar-
chitectures for running the selected kernels. Considering the tuning
options described above, the most energy-efficient configurations
for each kernel on each architecture are visualized. The amount
of performance engineering invested in each component through
previous porting efforts varies across ICON. However, despite dif-
fering levels of optimization, there are fundamental characteristics
of the simulations that make them more or less suitable for certain
architectures. At the time of writing, only the kernels originating
from the atmosphere are sufficiently mature in terms of GPU per-
formance portability to be included in this comparison. For the
atmospheric non-hydro kernel, NEC SX-Aurora demonstrates the
highest energy efficiency, closely followed by Grace Hopper. For
this specific kernel, there is a significant gap compared to the CPU
architectures. The closest contenders are Intel Sapphire Rapids with
HBM memory and AMD Genoa-X, which features large L3 caches.
This indicates a memory-bound kernel, which was also confirmed
by roofline modeling. In contrast to the excellent performance of
the NEC SX-Aurora architecture for the non-hydro atmosphere
kernel, its performance in computing radiation in the atmosphere
is the lowest among the evaluated architectures. This highlights,
that no single architecture achieves the highest energy efficiency
across all investigated kernels, reinforcing the importance of rely-
ing on a heterogeneous architecture. For the vertical and horizontal
advection in the ocean, as well as diffusion, the Grace and Genoa-X
CPU architectures perform best. The evaluation of these kernels in
isolation lacks interaction with other code paths. Nevertheless, they
give guidelines which architectures are promising when designing
an energy efficient heterogeneous setup as we do in the next section.

5.4 Energy Efficiency of ICON Components

Kernels, as described above, provide a much finer granularity than
what is practically achievable with the reference application. This
is due to data dependencies impeding lightweight communication
between architectures that might be most energy-efficient for a
specific computation task. However, ICON implements several of its
capabilities in the form of components, which naturally correspond
to distinct physical processes, which also reduces data movement
between them. In the following, the atmosphere, ocean, and ocean
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Figure 6: ICON kernel energy. Efficiency of kernel execution
on different architectures, normalized to one simulation step.

biogeochemistry components are each evaluated for their most
energy-efficient compute architecture. More specifically, the atmo-
sphere is modeled using the AES physics package and the ocean
biogeochemistry is provided by the Hamburg Model about Ocean
Carbon Cycle (HAMOCC). The atmosphere and ocean components
can be evaluated completely independently of one another, as they
do not rely on other components. In production, they communicate
through a coupling mechanism that exchanges relevant variables at
defined intervals. Coupling also has the added benefit that it allows
to combine components that compute on different grid resolutions,
which thereby provides means of influencing the computational
workload. In contrast to these components, the HAMOCC com-
ponent runs concurrently with the ocean component, exchanging
variables required for its execution. To evaluate HAMOCC indepen-
dently, as done for the other components, an ocean component was
executed on a separate node to provide the necessary data. Since
the ocean component requires fewer resources than HAMOCC, this
setup allows the HAMOCC component to be evaluated without
side effects.

The energy and runtime per step, as defined in Section 5.2, of
each investigated architecture for each component are shown in
Figure 7. For each component, the measurements have been nor-
malized relative to the reference architecture, which serves as the
basis for the homogeneous runs. A value outside the dashed line in-
dicates an architecture that performs worse compared to the AMD
Milan reference architecture, while lower values represent more
energy-efficient or performant architectures. For the atmosphere,
NVIDIA Grace Hopper outperforms all other architectures in terms
of energy efficiency by a large margin. It is followed by AMD’s
Genoa-X, which demonstrates higher efficiency than AMD Genoa,
presumably due to its larger L3 cache. Across the AMD lineup,
the investigated ICON components consistently profit from that
larger L3 cache. However, this influence is most noticeable in the
atmospheric component. Across all components, Intel Sapphire
Rapids with DRAM performs worse than when relying on HBM
memory. Without HBM, its energy efficiency is even lower than
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Figure 7: ICON component runtime and energy efficiency. Shown are the investigated ICON components, evaluated for their
energy and runtime per step. Each result is normalized to the AMD Milan reference architecture, with smaller values indicating

better performance.

that of the older AMD Milan architecture. The impact of HBM on
the performance of Intel Sapphire Rapids is particularly evident for
the atmosphere and ocean components, but less pronounced for the
HAMOCC component. NVIDIA Grace Grace performs very similar
to AMD Genoa, which once again shows that ARM architectures
are competitive. Intel Granite Rapids, equipped with MRDIMM,
performs similarly to AMD Genoa for the ocean component but
outperforms all other architectures for the HAMOCC component.
NEC SX-Aurora is not part of this component evaluation. This is due
to challenges in incorporating this architecture into the chosen ex-
periment configuration because of its memory size. As we describe
in Section 5.3, NVIDIA Grace Hopper is currently only competitive
for the atmosphere due to varying performance portability, and has
therefore not been considered for the other components. Through-
out the measurements, we observe a general trend of performant
architectures also being most energy-efficient.

This evaluation shows that achievable energy efficiency varies
across models on a given hardware architecture. Furthermore, se-
lecting a single architecture is not a viable option when aiming
to maximize the energy efficiency in a coupled ICON experiment.
Comparing this component evaluation with the kernel evaluation
in Section 5.3 shows that less complex kernels can provide valu-
able guidance when selecting promising architectures. Finally, by
employing a heterogeneous architecture and leveraging ICON’s cou-
pling functionality, the overall energy consumption can be reduced.
In this case, the evaluation suggests a heterogeneous configuration
in which the atmosphere runs on NVIDIA Grace Hopper, while the
ocean and HAMOCC components run on Intel Granite Rapids with
MRDIMM.

5.5 Performance and Efficiency of a
Heterogeneous Execution

In the previous section, the ICON components that make up the
experiment described in Section 5.1 were evaluated in isolation. The
results allow us to infer how these components can be distributed in
a heterogeneous deployment. In this section, we evaluate our repre-
sentative ICON experiment running on the homogeneous reference
system and compare it with a heterogeneous deployment based on
the insights from the preceding evaluation. When making such a

comparison, it is important to balance the used compute resources.
We aim to use as few nodes of the homogeneous reference system
as possible while maintaining the same experimental throughput as
the heterogeneous system. This ensures that no artificial advantage
is introduced, for example, by unfairly increasing the communi-
cation overhead on the homogeneous system. Balancing compute
resources for ICON experiments involves analyzing the integrated
ICON timers in combination with adjusting the number of MPI
ranks assigned to a specific component between balancing runs.
When balancing resources across three components, it is helpful to
begin with only two components initially. Running only the atmo-
sphere together with the ocean significantly reduces the number of
moving parts. Once the ICON timers indicate that these two com-
ponents are not wasting time by waiting on one another, the third
component can be re-enabled. Using this balancing approach we
determined that five homogeneous reference nodes are needed to
achieve the same throughput as the heterogeneous system. As sug-
gested in the previous section, we consider a heterogeneous cluster
combining NVIDIA Grace Hopper and Intel Granite Rapids with
MRDIMM the most energy-efficient configuration for the described
ICON setup. During execution, the heterogeneous cluster consumes
~ 2.05M]J of energy. In comparison, the homogeneous setup on the
reference system consumes ~ 3.25 MJ of energy. This equates to
energy savings of about 40% with comparable throughput.

6 Conclusion and outlook

In this paper, we have shown that significant energy savings can
be achieved by exploiting heterogeneity. This is accomplished by
leveraging the strengths of multiple compute architectures simulta-
neously, with each architecture computing only the model compo-
nent for which it is most energy-efficient. To evaluate architectures
for energy efficiency, easy-to-use and reliable measurement tools
are required. This is especially true for heterogeneous applications,
as Section 5.5 showed novel performance engineering challenges
arising from the use of heterogeneous systems. Contributions in
this area include extending architectural support in existing per-
formance analysis tools and improving support for heterogeneous
clusters. One special concern in improving tools for heterogeneous
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systems is usability: As shown in Section 4.3, analysing heteroge-
neous systems can give rise to a range of both overt and subtle
challenges that complicate the collection of performance data. The
usability of performance analysis tools for heterogeneous systems
therefore remains an ongoing concern, as does keeping pace with
the continued development of new architectures and their asso-
ciated performance analysis interfaces. Accordingly, future work
includes efforts to improve the usability of tools for measuring
performance and energy consumption, with the aim of making
simultaneous measurements across heterogeneous systems with
multiple host and accelerator architectures as straightforward as
those for homogeneous systems.

ICON’s native support for disaggregating model components
through coupling mechanisms enables heterogeneous deployments
in various ways. Beyond the components investigated in this pa-
per, additional components would further expand the potential for
employing heterogeneous architectures. Together with continu-
ally improving architectures and the introduction of new types
of hardware, fully exploiting heterogeneity remains an ongoing
process. This requires continuous efforts to extend tool support
and improve ICON with respect to performance portability, with
several initiatives already underway.

The energy savings described in this paper come with the trade-
off of extensive initial measurements. While this overhead is jus-
tified by the potential benefits in production environments, it can
be reduced by narrowing the range of parameters that need to be
explored. For this, previous generations can serve as a baseline, but
detailed measurement remain necessary. The same holds for our
approach of measuring kernels on their own. These can serve as a
guideline which combinations of architectures are most interesting,
but still a number of measurements are necessary. Consequently,
developing the necessary tooling and methodologies to enable thor-
ough and efficient evaluation of new architectures is fundamental.
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