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Abstract. PSyclone is a source-to-source Fortran compiler designed to programmatically optimize, parallelize, and instrument

HPC applications via user-provided transformation scripts. These scripts allow for a clear separation of concerns between the

scientific model, described in Fortran, and the optimization choices. This separation improves the maintainability of complex

scientific applications by enabling independent exploration and development of each aspect. In addition, it provides a solution

to achieve better performance portability for Fortran applications by encoding the transformations that are beneficial to each5

platform and compiler in different transformation scripts.

PSyclone supports two modes of operation. The first mode optimizes existing source code, including MPI-based applications,

by making the necessary code transformations to effectively use the capabilities and programming models supported by each

CPU and GPU vendor. This approach is demonstrated using a benchmark extracted from the NEMO ocean model. The second

mode defines a kernel-based parallelism model with domain-specific Fortran-embedded metadata. This approach enables a10

stricter separation of concerns, thereby allowing PSyclone to take full control of the data dependencies and iteration spaces in

order to improve its capabilities and generate distributed and shared-memory parallelism. This approach has been co-designed

with the Met Office and is used in the Finite-Element based dynamical core of the LFRic atmospheric model.

1 Introduction

PSyclone is an open-source code transformation and generation system designed to programmatically optimize, parallelize, and15

instrument Fortran HPC applications via user-provided transformation scripts. It has been designed to facilitate the development

of Fortran weather and climate applications, but is also applicable to other domains.

The computational demands of weather and climate modelling require that simulations use some of the world’s most

advanced supercomputers, on which achieving optimal performance and parallel scalability are crucial. Furthermore, the

widespread sharing of these applications among different institutions, illustrated, for example, by the wide adoption of the20

NEMO ocean model (Madec et al., 2026) in various weather and climate centers, requires that the applications also run opti-

mally on a variety of platforms. At the same time, these are inherently complex codes that remain operational for decades and
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are constantly being updated with new science by multiple developers. Therefore, they must be maintainable and extensible

for future supercomputing architectures. The idea that a code can run well on different, including upcoming, architectures is

often called performance portability.25

Writing HPC applications that are maintainable, have good scalability, and are performance portable is challenging (Penny-

cook et al., 2021), especially for weather and climate applications (Lawrence et al., 2018). This challenge is exacerbated by the

end of Dennard scaling (Dennard et al., 1974) and the increasing use of specialized accelerators such as GPUs in supercomputer

facilities. The Fortran and MPI software toolchain that many HPC applications still use today is no longer sufficient (Lawrence

et al., 2018), but adding support for architecture and vendor-specific optimizations with divergent code paths conflicts with the30

goals of maintainability and portability.

Several solutions have been developed for writing maintainable and performance portable HPC applications. These include

systems such as Kokkos, RAJA and SYCL, which take advantage of C++ template metaprogramming to provide parallel

abstractions that adapt to the needs of a specific platform at compile time. However, these are impractical for many pre-existing

Fortran applications where significant rewrites would be too costly and domain scientists lack familiarity with complex C++35

syntax. Other solutions such as OpenMP and OpenACC are applicable to Fortran, but these lack the full flexibility offered

by metaprogramming, and their capabilities are limited by the functionality provided by the standard, with different compiler

vendors providing varying levels of support for them. In addition, directives are tightly coupled to the underlying code, and

for some applications, these are not considered viable by its developers. An example of this is the aforementioned NEMO

ocean modelling framework (Madec et al., 2026), where the focus is on scientific functionality, maintainability, and enabling40

community contributions. Therefore, the code base is kept free of directives, relying solely on MPI to exploit data parallelism.

Whilst this strategy has worked well for the past few decades, it is not possible to run the model on the GPUs, which are

increasingly used to provide the bulk of the compute performance of modern HPCs.

In response to these challenges, we introduce PSyclone, a novel source-to-source Fortran compiler designed to programmat-

ically modify Fortran code via user-provided transformation scripts. This approach decouples the scientific logic, expressed45

in the Fortran code, from the parallelization and optimization details encoded in separate Python scripts. This separation of

concerns leads to maintainable code where each aspect can be investigated and developed largely independently. Additionally,

it allows developers to tackle the performance portability challenge by writing different scripts for different platforms, each

adhering to the specific programming model and preferred language features of the specific hardware vendor and compiler

being targeted.50

PSyclone offers two modes of operation: direct transformation of existing Fortran codes and support for developing Fortran-

embedded domain-specific languages (DSLs). The first mode is relatively general and has proven successful for applications

that use directly-addressed methods that express their data parallelism via loops over multidimensional arrays. It is being

used to offload and add shared-memory parallelism in a number of models including NEMO, the UKCA atmospheric chem-

istry scheme, and physical parameterization schemes within the Met Office’s atmosphere modelling system. In this paper,55

we demonstrate this approach with a simplified benchmark extracted from the NEMO code. There are, however, limitations

to this approach; the model developers remain responsible for managing any MPI parallelization (such as halo exchanges),
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the code must not use patterns that cannot be parallelized (such as linked lists), and PSyclone’s ability to decide the validity

of transformations is limited to a single file; therefore, some global transformations, like changing the data layouts, are not

feasible.60

In the second mode, PSyclone supports the development of Fortran-embedded kernel-based DSLs that conform to the

PSyKAl (Ford et al., 2013; Adams et al., 2019; Porter et al., 2018) separation of concerns. PSyKAl specifies that code is

separated into three layers, the algorithm code (Al), the kernel code (K), and the parallel system code (PSy). In this approach,

the Algorithm operates on conceptually global fields while the Kernels are individual units of computation that operate on

single elements. PSyclone uses this information to generate a middle layer (PSy-layer) that decides the execution order and65

parallelization policies to use to leverage the target platform. In this mode, PSyclone can guarantee that no domain data is

touched without its knowledge outside a kernel and, therefore, can generate the full data-dependency graph to enable global

transformations such as generating a distributed memory parallelization for the model.

To date, two DSLs conforming to the PSyKAl separation of concerns have been implemented in PSyclone: “LFRic”, a

mixed finite-element DSL which was co-designed with the dynamical core (known as Gung Ho) of the Met Office atmospheric70

model, LFRic (Adams et al., 2019) and “GOcean”, a 2D finite-difference or finite-volume DSL (Henrichs et al., 2025).

The choice of which approach to use depends on the code, the community that is using it, and the willingness of code owners

to accept the cost of restructuring or rewriting their code. Different components of an application can use different approaches,

providing a path to iteratively migrate codebases to higher-level abstractions over time.

The remainder of this paper is structured as follows. Section 2 provides a brief overview of performance-portability solutions75

available in the literature and explains how PSyclone differs from them. Section 3 describes the details of the implementation of

PSyclone. Section 4 presents the use of PSyclone for code transformation and evaluates this approach with a tracer-advection

benchmark originating from NEMO. Section 5 expands this by introducing the PSyKAL DSL approach and evaluating it using

the LFRic atmospheric model. The paper closes with some conclusions in Section 6.

2 Related Work80

Metaprogramming abstractions are widely used in the development of high-performance portable applications because they can

be used to optimize low-level aspects, such as data access patterns or loop iteration sequences, without introducing additional

layers of indirection, which typically carry a performance penalty. Additionally, because metaprogramming operations are

executed at or before compile time, they do not hinder the compiler’s ability to perform additional optimizations. This ensures

that the final code is both efficient and adaptable to varying architecture requirements.85

Due to these benefits, C++ template metaprogramming frameworks have emerged as one of the most popular ways to develop

maintainable, heterogeneous computing HPC applications. Frameworks like Kokkos (Trott et al., 2022), RAJA (Beckingsale

et al., 2019) and SYCL (The Khronos SYCL Working Group, 2025) exemplify this trend, offering powerful tools for designing

performance-portable HPC applications. However, a significant challenge is presented by the prevalence of pre-existing HPC

applications written in Fortran, which lacks template metaprogramming. Moving large codebases to C++ is often prohibitively90
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expensive. Furthermore, domain scientists, who are integral to the development of these applications, may not possess expertise

in C++ or template metaprogramming, and often prefer simpler languages that are more restricted to the domain logic. Thus,

the prospect of migrating to a C++-based codebase introduces substantial risks to the application ecosystem.

Another popular option, available for both C++ and Fortran, is the use of language directives such as OpenMP (OpenMP

Architecture Review Board, 2021) and OpenACC (OpenACC Standard, 2022), or higher-level standard language constructs95

such as the Fortran do concurrent construct (Reid, 2008). These provide additional semantic information to the compiler so that

it can make the appropriate optimization decisions. However, they lack the flexibility of template metaprogramming as their

capabilities are restricted to the constructs available in the standard. Standards bodies take time to formalize new capabilities,

which then take time to be implemented by each compiler. So in practice, the performance-portability benefits are limited to the

common denominator of features implemented by each vendor compiler on each platform of interest. Additionally, when the100

optimal set of directives differs between vendors and architectures, the portability benefits are diminished, sometimes requiring

multiple implementations.

Metaprogramming can also be achieved by using preprocessing tools for code-generation and transformation in the ap-

plication build system. This can range from generally applicable source-to-source compilers to more narrowly applicable

domain-specific language constructs. It is to this category that PSyclone belongs.105

The ROSE compiler framework (Quinlan and Liao, 2011) provides a general-purpose environment that can be used to

develop source-to-source translation tools (such as OP2 and CHiLL, mentioned below) and to perform compiler research.

ROSE provides a rich suite of functionality, but this comes with a comparatively complex installation process with many

dependencies. It also requires developers to be familiar with both both C++ and compiler architecture concepts. In contrast,

PSyclone is much narrower in concept and aims to lower the barrier to entry through the use of Python (widely used in scientific110

computing) and an intermediate representation much closer to Fortran semantics.

The kernel-based DSL approach of PSyclone is similar to that first developed in OP2 (Bertolli et al., 2012). OP2 supports the

idea of a top-level algorithm code and separately-written kernel function calls. The algorithm code contains OP_PAR function

calls. An OP_PAR function call takes as arguments a single kernel function call and a description of that kernel function. The

implementation of the OP_PAR function call is then responsible for running its kernel function in parallel and adding inter-115

processor communication calls, if required. PSyclone expands on these concepts by adding inter-kernel optimizations and more

flexible transformations through programmatic mutations of its intermediate representation. Similarly to CHiLL (Chen et al.,

2008), PSyclone also enables transformations to be applied by the HPC expert via a script rather than being fixed by the system.

There are several DSL-based approaches that focus on allowing the developer to express their problem at a higher level,

either in terms of the mathematical formulation or the stencil operations that it performs. For example, the Python library120

GT4Py (Ubbiali et al., 2025) enables scientists to describe the computations to be performed at a relatively high-level (in

Python). An Intermediate Representation is created for these computations, which is then optimized and passed to one of a

choice of backends, enabling execution on both GPU and CPU hardware. Although stencil-specific optimizations are performed

by the toolchain, they are not under the control of the model developer. GT4Py is itself an evolution of the C++ templating

approach taken in STELLA (Gysi et al., 2015), with the aim of improving the ease of use by providing a Python rather than125
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C++ frontend. This highlights a difficulty that is common to all DSL approaches: the need for the model to be rewritten in a

new language and the need for that language to be able to express all of the forms of computation performed by a model.

Loki (Ubbiali et al., 2025; Lange and Reuter), and the now dormant Claw project (Clement et al., 2018), provide(d) support

for parallelizing the single-column abstraction pattern typically encountered in the physical parameterizations of the IFS model.

While Claw is a DSL with its own compiler, Loki is a source-to-source transformation tool conceptually similar to PSyclone130

in that it allows the modification of source code through programmable transformations.

In the DaCe programming environment (Ben-Nun et al., 2019), domain scientists develop their model in either Python,

MATLAB or TensorFlow, these are translated into a Stateful Dataflow Multigraphs (SDFGs) describing the computation and

associated dataflow. As in PSyclone, HPC specialists can choose which transformations to apply to the IR before the final,

code-generation step emits a flavor of C++ (e.g. using CUDA for NVIDIA GPUs). Since the dataflow is explicitly captured in135

the IR, the generated code can include the necessary instructions to transfer data to the local memory space of an accelerator

device. More recently, DaCe has been extended with a custom Fortran parser and has demonstrated good performance with a

kernel of the ICON model (Klocke et al., 2025).

Firedrake provides an even higher level of abstraction by enabling the domain scientist to express the mathematics of a

Finite-Element model in Unified Form Language (Alnæs et al., 2014), embedded in Python. At runtime, this is lowered to140

C++, compiled and linked against PETSc (Balay et al., 2025). As such, it is a powerful tool for enabling domain scientists to

rapidly experiment with different Finite-Element formulations and be able to do so at scale.

The Multi-Level IR (MLIR) compiler framework (Lattner et al., 2021) provides interesting opportunities for future DSL

development within the LLVM ecosystem, offering robust portability to any system supported by an LLVM-based compiler.

However, bringing the extensive institutional knowledge on the performance aspects of weather and climate models into a fast145

evolving, C++-based compiler framework will be a difficult challenge.

PSyclone does not try to reinvent the full compiler stack, instead, it provides transformations at the language level. That

is, transformations applied directly to the source code and expressed using concepts that correspond closely to the constructs

of the original programming language. This allows HPC developers to abstract performance decisions while still working in

a familiar environment and leveraging the directives and optimizations provided by the vendor compilers. It also provides a150

unique range of options from flexibly accepting any input Fortran to restricting the input to specific DSL expectations, given

the developers freedom to choose the best model for their particular application and community.

3 The Architecture of PSyclone

This section describes the choices in the design of the PSyclone tool. At its core, PSyclone uses a custom-made intermediate

representation called PSyIR (PSyclone Intermediate Representation). PSyIR can be converted to and from other languages or155

intermediate representations by using its frontend and backend infrastructure. The tool also provides transformations to mutate

the PSyIR and some utilities to help analyze the code. Each of these components is described in this section in turn.
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3.1 PSyIR: the PSyclone Intermediate Representation

The PSyIR is an Abstract Syntax Tree (AST) with nested scopes that PSyclone uses to represent both existing code and DSL

abstractions. It is designed to represent high-performance, parallel applications in an expressive, mutable, and extensible way:160

– It is expressive because it is intended to be human-readable and manipulated by HPC software experts when optimizing

or porting applications. This means that the node semantics are intentionally kept close to the Fortran language concepts

and each node provides semantically-relevant operations.

– It is mutable because it is intended to be manipulated programmatically.

– It is extensible to allow representing different levels of abstraction, from language-level semantics to higher-level DSL165

concepts such as HaloExchanges, GlobalSums, loops over a domain characteristic, etc.

Importantly, in PSyclone, nodes from different abstraction levels are interoperable and can be found mixed in the same

PSyIR tree. The frontends and backend operate on language-level nodes which through different uplifting and lowering

methods can be converted to and from DSL nodes. Figure 1 shows the typical lifetime of a node in PSyclone.

PSyIR

FrontEnd BackEndLanguage-level Nodes

DSL Nodes

lowering

method

DSL uplifting

transformation

Backend

Visitor

ParseTree

Visitor

Figure 1. PSyIR node abstraction-levels flowchart

Another feature of the PSyIR is that, since it is designed solely for source-to-source transformations, it can get away support-170

ing only the subset of the input code that is relevant for performance. Within the PSyIR any unsupported constructs are placed

in nodes called CodeBlocks, and the unsupported data types are marked as UnsupportedTypes. This allows the PSyIR trans-

formations to gracefully skip the parts of the tree that are not understood and helps to keep the PSyIR simple. Concepts such

as file-system operations, uncommon Fortran features, and labeled statements are currently placed on the CodeBlock nodes.

Although CodeBlocks make it possible for PSyclone to accept any valid Fortran code, it limits the dependency analysis and175

application of transformations, as it must assume the worst-case scenario for the symbols inside the CodeBlock. The presence

of a CodeBlock node also prevents PSyclone from generating code in a language other than that of the input source code.
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3.2 PSyIR frontends and backends

To convert a code to or from PSyIR PSyclone provides multiple readers and writers, implemented using a traditional visitor

pattern architecture. The main supported language is Fortran. For this, PSyclone creates a parse tree using fparser (Peterson180

et al., 2026) that is then converted to PSyIR using the relevant frontend. If PSyclone is parsing one of the supported DSL

applications, a domain-specific uplifting transformation is applied. The uplifting step identifies patterns that define the domain

model and introduces higher-level abstraction PSyIR nodes (e.g. kernels, halo exchanges, etc.) that provide additional semantic

domain information to the tree.

Similarly, the backends translate the PSyIR into other languages or IRs. To do this, PSyclone follows again a two-step185

process. First, it lowers any DSL nodes to language-level PSyIR nodes: each domain-specific node is responsible for providing

a lowering method to create the language-level representation of themselves. Then, a language backend visitor can be used

to traverse the tree and create a textual source code representation of each node. Figure 2 provides a flow chart with all the

described steps.

DSL 

Uplifting
fparser

fparser

Reader
fparser

parse tree

Language-level

PSyIR

Fortran

Transformation script

Fortran

Writer
Lowering

Language-level

PSyIR

Domain-Specific PSyIR

Fortran

PSyIR

Figure 2. Typical PSyIR workflow within the PSyclone tool.

This architecture provides a modular approach that allows the reuse of the uplifting and lowering logic of the supported190

DSLs for different frontends and backends. It also makes the PSyIR easy to extend, as new nodes can be added to the PSyIR

without modifying the language backends, as long as they provide their lowering method.

In addition to the Fortran backend, PSyclone has an experimental OpenCL backend for the PSyIR subset that is specifically

involved in data and arithmetic computations. This has been used in the NemoLite2D application to run on multi-core CPU,

GPU and FPGA (Siso et al., 2023) architectures. Internally, PSyclone also uses front- and/or backends for the Sympy (Meurer195

et al., 2017), Dawn (Osuna et al., 2020), and MLIR (Bisbas et al., 2024) intermediate representations.
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3.3 Transformations

Directly mutating the IR is generally a dangerous operation due to the need to maintain a structure that still represents a

semantically valid program. To improve the safety of programmatic modifications, PSyclone has the concept of PSyIR Trans-

formations. These are coherent sets of operations that can be applied to the IR and provide a validation mechanism to ensure200

that the result is still a semantically equivalent (or valid) program. Additionally, each node provides a global validation check

that is executed during the backend visitor traversal.

PSyclone comes with transformations that will typically be used to optimize and parallelize computational code. These

range from generic loop and array transformations such as LoopTilingTrans or ArrayAssignment2LoopTrans; to transforma-

tions that insert parallelism using OpenMP (e.g. OMPParallelTrans, OMPTargetTrans) or OpenACC (e.g. ACCKernelsTrans,205

ACCEnterDataTrans). There are also transformations to assist with debugging or performance monitoring such as ProfileTrans,

ValueRangeCheckTrans or ExtractTrans, which creates standalone applications for a selected code region.

Each transformation provides a validate and an apply method. The validate method checks, without modifying the tree,

whether the tree complies with all requirements to guaranty that the transformation will be applied successfully; otherwise, a

TransformationError will be raised with information about the missing requirements, so that the user script can still attempt210

to recover from it or optimize the code with an alternative approach. The apply method always calls validate first, and, if

successful, proceeds to perform the tree modifications in-place. See Section 4 for an example of the use of transformations.

3.4 Dependence Analysis

Many transformations use dependency analysis for their validation. The dependence analysis implemented in PSyclone consists

of two phases. First, the PSyIR is traversed and each variable access in the region of interest is categorized as a read, write,215

or read-write access. If the sub-tree contains a (DSL) Kernel, the access information from the Kernel metadata (see 5.1)

is used to determine how the parameters are used. Once the variable information is captured, these are used to generate

DefinitionUseChains and loop independence analysis as described in Kennedy and Allen (2001). The PSyclone implementation

uses SymPy (Meurer et al., 2017) to symbolically compare expressions and improve the analysis.

Users have the option to selectively ignore symbols in the dependency analysis. This is useful when constraints not expressed220

in the source code can help in applying optimizations to the code. For example, knowing that an indexing map does not contain

repeated indices, or that a particular dimension is extruded and does not contain data dependencies on that direction can assist

in determining that a loop is safe to parallelize.

4 Using PSyclone to transform existing Fortran applications

As discussed in the Introduction, there is a large ecosystem of existing weather and climate models written in Fortran. These225

represent a huge investment of effort and scientific knowledge, therefore, it is desirable to build on this investment by having

the ability to adapt their source code to make use of the modern developments in the HPC landscape. This is difficult to do
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manually because these models are large and typically have a flat performance profile, meaning that any optimization must be

applied to the vast majority of the code base.

PSyclone enables HPC experts to apply optimizations that they would normally do manually across a whole code base in230

an automated fashion. To date, this approach has been used or trialed with various models including NEMO (Madec et al.,

2026), CROCO (Auclair et al., 2022), MEDUSA (Yool et al., 2013), NEMOVAR (Waters et al., 2015) and UKCA (Waters

et al., 2015).

For these applications, one prepares a set of PSyclone transformations in a python script, which we call a recipe. All PSyclone

recipes have the same basic structure: at minimum they must contain a function called trans which takes a single object235

containing the PSyIR of the file being processed and modifies it in-place. A simple example of such a recipe script is shown in

Listing 1.

1: def trans(psyir: FileContainer):

2: ''' Add OpenMP Target and Loop directives to each outermost loop.240

3:

4: :param psyir: the PSyIR of the provided file.

5: '''

6: # Use `stop_type=Loop` to ensure we traverse outermost loops only

7: for loop in psyir.walk(Loop, stop_type=Loop):245

8: try:

9: OMPLoopTrans(omp_directive="teamsloop").apply(loop, collapse=True)

10: OMPTargetTrans().apply(loop.ancestor(Directive))

11: except TransformationError as err:

12: # Cannot be transformed, add a comment and proceed to next loop250

13: loop.preceding_comment = f"Loop not parallelized because: {err}"

Listing 1. The trans function of an example PSyclone recipe that attempts to add OpenMP offloading for every loop (nest) in the supplied

PSyIR.

The recipe can be applied to each Fortran file in an application by inserting the psyclone command, as shown in Listing 2,

into the application build system as a preprocessing step to the actual compilation.
255

1: $ psyclone -s transformation_recipe.py -o output.f90 input.f90

Listing 2. Example application of PSyclone to an existing Fortran source file.

For example, given the Fortran code in Listing 3, and applying the transformation in Listing 1 results in the creation of the

Fortran shown in Listing 4.
260

1: DO ji = 1, n

2: DO jj = 1, m

3: factor = 0.5*log(ji)

4: var(ji,jj) = factor * (fld(ji-1, jj) + fld(ji+1, jj))

5: END DO265

6: END DO

7: DO ji = 1, n
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8: var(map(ji), 1) = var(ji, 1)

9: END DO270

Listing 3. Some example Fortran input.

1: !$omp target

2: !$omp teams loop collapse(2) default(shared) private(factor,ji,jj) schedule(auto)

3: do ji = 1, n, 1

4: do jj = 1, m, 1275

5: factor = 0.5 * LOG(ji)

6: var(ji,jj) = factor * (fld(ji - 1,jj) + fld(ji + 1,jj))

7: enddo

8: enddo

9: !$omp end teams loop280

10: !$omp end target

11:

12: ! Loop not parallelized because:

13: ! Error: The write access to 'var(map(ji),1)' [...] and the read access to 'var(ji,1)' [...] are

dependent and cannot be parallelized. Variable: 'var'.285

14: ! Consider using the "ignore_dependencies_for" transformation option if this is a false

dependency

15: ! Consider using the "array_privatisation" transformation option if this is a write-write

dependency

16: do ji = 1, n, 1290

17: var(map(ji),1) = var(ji,1)

18: enddo

Listing 4. The result of using PSyclone to apply the recipe from Listing 1 to the Fortran in Listing 3. The first loop has been successfully

offloaded while the second cannot be transformed due to a possible dependency. Suggestions to parallelize the second loop are added as

comments.

One can write a different recipe for each platform, or even for each specific compiler, to take advantage of the programming

model and features available for that particular tool chain. This includes potentially working around known compiler limitations295

or inserting compiler-supported directives. Since every established model that makes use of HPC will almost certainly already

have an optimized distributed memory implementation, there is no immediate need for PSyclone to handle distributed memory

explicitly when processing existing code. Therefore, PSyclone simply treats any calls to data-exchange routines as any other

subroutine call. This leaves the onus on the model developer to understand when halo exchanges are required and when they

can be safely omitted. However, PSyclone can be used to optimize the per-node performance by reorganizing loops, inlining300

calls, applying shared-memory parallelization or offloading computations to accelerator devices.
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4.1 Evaluation with the NEMO Tracer-Advection Benchmark

The original version of the tracer-advection benchmark was constructed by Silvia Mocavero of the Euro-Mediterranean Center

on Climate Change (CMCC) as part of the IS-ENES2 Project. It is a stand-alone program (single source file) based on the

MUSCL tracer-advection scheme as implemented in NEMO version 4. The only significant differences to the original NEMO305

version are that all halo exchanges have been removed and synthetic data is used to populate all input fields. Once the com-

putation is complete, the updated field is written to disk (to enable validation). Note that this benchmark code also forms the

core of one of the ESCAPE-2 Weather and Climate Dwarfs (Behrens et al., 2021) where it is embedded within a more generic

routine to emulate time-stepping behavior.

This is a good benchmark for PSyclone for transforming existing code because, as mentioned above, in this mode it does310

not currently attempt to modify any distributed-memory implementation and the tracer advection (the propagation of quantities

such as salinity) within NEMO is a relatively expensive part of the model. The benchmark itself is contained within the

PSycloneBench repository (Porter et al., 2026).

Benchmarking Setup

To demonstrate the performance portability capabilities of writing multiple psyclone transformation scripts, a range of315

diverse architectures and compilers from different vendors have been targeted:

– A dual-socket Intel Xeon Gold 6448Y CPU, from the Mary Coombs HPC system hosted at the Hartree Centre. Compiled

with Intel ifx 2025.2.1 with the following flags: -O3 -fopenmp. Thread-to-core binding was controlled by setting

OMP_PLACES to core and OMP_PROC_BIND to close. The result shown fully uses a single socket.

– A dual-socket AMD EPYC 9175F, from a Hartree Centre internal workstation. Compiled with gcc 16.1.0 with the320

following flags: -Ofast -mtune=native -ffast-math -fopenmp. Thread-to-core binding was controlled

by setting OMP_PLACES to core and OMP_PROC_BIND to close. The result shown fully uses a single socket.

– A discreet H100 SMX GPU, from the Mary Coombs HPC system hosted at the Hartree Centre (only 1 of the 4 GPUs in

the node). Compiled with nvfortran 25.5 with the following flags: -O3 -gpu=cc70,managed and either -mp=gpu

or -acc=gpu. For the “explicit memory” results the managed flag was omitted.325

– A MI300A APU, from AMD’s internal AAC7 cluster 1. Compiled with the AMD ROCM Afar 22.2.02 with the flags:

-lomp -lomptarget -fopenmp=libomp -fno-lto -offload-arch=gfx942

-mp-fopenmp-offload-mandatory -fopenmp-force-usm -lflang_rt.hostdevice

-fopenmp=libomp.

Benchmark Configuration330

Beginning with a source code describing only the serial version of the benchmark, PSyclone has been used to create several

different parallel versions:
1Development cluster not intended for large-scale performance assessment.
2Pre-release version of the amdflang compiler, which is still in active development. The current performance may not be indicative of the final release.
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1. OpenMP threading version;

2. OpenMP offloading version on GPU;

3. OpenACC kernels version on GPU;335

4. OpenACC loops version on GPU with and without explicit memory movement directives;

Each recipe logic can differ according to the capabilities of each programming model and, crucially, the capabilities of

the target compilers. For instance, NEMO encourages the use of Fortran Array Assignment Statements, which allow array

operations to be expressed in a readable syntax without an explicit loop construct. In the OpenACC recipes, we chose to insert

an OpenACC kernels directive around these statements. However, the support for this functionality in OpenMP is limited, so in340

the OpenMP recipe we chose to first convert these statements to explicit loops with the ArrayAssignment2LoopTrans

transformation, and then apply as OpenMP offloading logic as demonstrated in Listing 1.

Each of the GPU versions of the benchmark, along with the Intel CPU version, have been run for a square horizontal

domain size of 512. The number of vertical levels has been held constant at 75 since this is the value used in the ORCA25

and ORCA12 configurations of NEMO. The AMD CPU benchmark uses a square horizontal domain size of 1024, as the 512345

squared benchmark could fit into the cache of the CPU.

To normalize the results these are presented as the percentage of measured memory bandwidth achieved in each platform.

The bandwidth of an application is calculated by diving the solver elapsed time by the memory footprint on that region, which

is based on the number of reads and writes to different arrays summed over the size of iteration length of each loop. Finally

this is divided by the platform memory bandwidth, measured using the BabelStream Triad benchmark Deakin et al. (2018).350

The results of the 7 variants are shown in Figure 3. The performance of all examples is at least 45% of the measured Stream

Triad bandwidth available, with the highest GPU run (NVIDIA OpenACC kernels) reaching over 85%.

4.2 Limitations of the code transformation approach

There are limits to what can be achieved when working with existing code, and in our work to date we have encountered several

limitations. Some of them are related to the performance achievable with code transformations alone:355

– When an application contains significant computation that follows a pattern that is not dominated by array-based com-

putation. For instance, the iceberg modelling component of NEMO v.5.0 is currently implemented using a linked-list

data structure which cannot be parallelized and makes poor use of a machine’s memory hierarchy. In this case a solution

needs to be co-designed with the model owners.

– When an application contains significant regions of data-parallel work that are exposed at different levels in a call360

hierarchy, there is no single level that expresses enough parallelism. Achieving good GPU performance for such a model

can require significant manual refactoring (Zhang et al., 2021).
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Figure 3. Estimated (see text) percentage of Stream triad memory bandwidth achieved by the tracer advection benchmark on different

platforms with different code transformation recipes applied with PSyclone. The AMD CPU result shown here uses a larger problem size

than the other tests shown to avoid excessively high results due to its large cache size.

– When a code has previously been optimized for a particular architecture. For example when a conditional computation

must be done, some codes have previously introduced optimizations for caching architectures that gather the data into a

packed list, perform the computation and then scattering the results back to their original locations. On a highly parallel365

architecture such as a GPU, the cost of the gather and scatter operations outweighs that of the actual computation, and

simply computing everywhere and masking the results is more performant. We suggest that the best strategy is to undo

manual optimizations that are hard for transformation scripts to undo, and let different optimization scripts prepare the

code for each architecture (e.g. with a packing and a masking transformation). This can both improve the readability of

the science code and also enable better performance portability.370

In addition to the performance limitations, this approach can also suffer from what might be termed performance-portability

fragility. This can occur when a transformation script looks for a specific pattern in the input code in order to apply its transfor-

mation(s). If a change is made to the input code that breaks this pattern then one or more transformations may not be applied.

Even though the resulting code is still correct, there may be a large performance penalty. It is therefore important that transfor-

mation scripts be as general as possible. If some specificity is unavoidable and performance is known to be critical, the failure375
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to apply a transformation could be treated as an error. On top of this, we strongly advocate for the use or extension of existing

test suites to monitor application performance as well as correctness.

The limitations arising from working with existing, unconstrained code can also be tackled by re-writing that code to make

use of a DSL. In the next section we describe PSyclone’s support for this type of approach.

5 Using PSyclone to support Fortran kernel-based embedded DSLs380

A solution to the fragility of applying user-transformations to any arbitrary input code is to enforce the science code to always

follow a defined pattern, thus, creating Domain Specific Languages (DSLs) catering to the needs of the application. One pattern

for structuring parallel code in a robust way is to describe each individual unit of compute that can be run concurrently, together

with the dependencies between them. A global description of the algorithm then implements the control flow and the iteration

space over which the units of computation must be executed. Such an architecture is often called a kernel-based parallelism385

model, and it has proven successful in many well-established parallel computation frameworks (e.g. CUDA, OpenCL, SyCL,

Kokkos).

PSyclone supports the implementation of applications using a Fortran-embedded kernel-based programming model, called

PSyKAl (Adams et al., 2019). This model distinguishes between three layers: the Algorithm layer, the Kernel layer, and the

Parallelization System (PSy) layer; which together give the model its name.390

The Algorithm layer is responsible for providing a logically-global (i.e. without reference to whether or not the domain

has been decomposed) description of the algorithm while the Kernel layer specifies individual units of compute operating on

a single item within the domain. Depending on the DSL, these items can be a single element, a vertical column, or a set of

vertical columns. The kernels also contain metadata that allow the data dependencies between kernels to be determined.

PSyclone reads the Fortran files containing the Algorithm and its associated Kernel-layers and generates an initial version395

of the code for the PSy layer. This layer acts as a bridge between the algorithm and kernels and contains the code that is

responsible for performing concurrent execution of kernels, including the way in which the iteration space is traversed while

respecting kernel dependencies.

In this approach, a transformation recipe is applied to the PSy layer. Listing 5 shows an example PSyclone command for a

PSyKAl application:400

1: $ psyclone --psykal-dsl lfric -s recipe.py -opsy psy_layer.f90 -oalg alg_layer.f90 algorithm.f90

Using the transformation recipe, the scheduling order of kernels can be modified and parallelization directives introduced to

enable execution for specific platforms such as multi-node, multi-core and GPU architectures. Additionally, it is possible for405

scripts to also access the algorithm layer and the kernel implementation for additional code analyses or optimization.

In this model each layer has well defined responsibilities, providing a more robust separation of concerns between the domain

science code and the parallelization and optimization logic. This is shown in Figure 4.
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Figure 4. The Parallel System, Kernel, Algorithm (PSyKAl) Separation of Concerns.

5.1 The LFRic DSL

PSyclone’s LFRic DSL has been developed for the Met Office’s next-generation Weather and Climate model of the same name410

(Adams et al., 2019). It supports models that use a mixed finite-element scheme with a grid that is directly-addressed in the

vertical and indirectly-addressed in the horizontal.

In LFRic, kernels are written to operate on either a single, vertical column of cells or on individual degrees-of-freedom

(DoFs) of a field. Such kernels may be passed fields, operators or scalars. Fields and operators are associated with function-

spaces, labeled “W1”, “W2”, “W3”, “Wchi” etc. Adams et al. (2019); UK Met Office (2026b). The access pattern for each415

argument is also specified. Listing 5 provides an example of LFRic kernel metadata showing how some of these elements are

specified. Note that the metadata is itself a valid Fortran derived type and contains a reference to the subroutine containing the

implementation of the kernel. For the full specification of the LFRic Kernel metadata, please see the PSyclone User Guide Ford

et al. (2025).
420

1: module apply_variable_hx_kernel_mod

2: ! boilerplate code omitted ...

3: type, public, extends(kernel_type) :: apply_variable_hx_kernel_type

4: private

5: type(arg_type) :: meta_args(9) = (/ &425

6: arg_type(GH_FIELD, GH_REAL, GH_WRITE, W3), &

7: arg_type(GH_FIELD, GH_REAL, GH_READ, W2), &

8: arg_type(GH_FIELD, GH_REAL, GH_READ, Wtheta), &

9: arg_type(GH_FIELD, GH_REAL, GH_READ, W3), &

10: arg_type(GH_OPERATOR, GH_REAL, GH_READ, W3, W2), &430

11: arg_type(GH_OPERATOR, GH_REAL, GH_READ, W3, Wtheta), &

12: arg_type(GH_OPERATOR, GH_REAL, GH_READ, Wtheta, W2), &

13: arg_type(GH_OPERATOR, GH_REAL, GH_READ, W3, W3), &

14: arg_type(GH_SCALAR, GH_REAL, GH_READ) /)

15: integer :: operates_on = CELL_COLUMN435

16: end type

17: contains

18: procedure, nopass :: apply_variable_hx_code

19: end type

20:440
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21: subroutine apply_variable_hx_code( cell, nlayers, &

22: lhs, x, mt_inv, pressure, &

23: ncell_3d_1, ...)

24: ! Implementation omitted ...

25: end subroutine apply_variable_hx_code445

26: end module apply_variable_hx_kernel_mod

Listing 5. An example of Kernel metadata for the LFRic API. The type, access and function space of each argument to the kernel is specified

using an arg_type constructor.

The Algorithm layer contains a description of which kernels to call and which fields, operators or scalars they act upon

through the specification of calls to a special invoke routine. This routine is purely a DSL construct and is not implemented

anywhere. Listing 6 gives an example of one of the most computationally-costly invoke calls in the GungHo dynamics part450

of LFRic 2.1. The kernels are supplied to this invoke call in the form of calls to the structure constructors corresponding to

their metadata.

1: call invoke( setval_c( grad_p, 0.0_r_solver ), &

2: setval_c( y_vec, 0.0_r_solver ), &455

3: scaled_matrix_vector_kernel_type(grad_p, x_vec, &

4: div_star, hb_lumped_inv, &

5: u_normalisation), &

6: enforce_bc_kernel_type( grad_p ), &

7: apply_variable_hx_kernel_type(y_vec, grad_p, &460

8: mt_lumped_inv, x_vec, &

9: compound_div, p3theta, ptheta2, &

10: m3_exner_star, one) )

Listing 6. LFRic Algorithm-layer invoke call involving the Kernel described in listing 5.

5.2 LFRic Transformations465

Initially, the PSy-layer that PSyclone generates uses kernel dependency analysis (using the kernel metadata information) to

determine the halo exchanges that are definitely required and adds run-time setting of dirty flags (contained within an LFRic

field object) to keep track (between separate invokes) of what other field halos will need to be communicated for safe

execution of the code. In the DSL approach, the PSyclone transformation script is applied to the PSy-Layer. PSyclone comes

with a set of transformations that target PSy-layer code. A typical production build of LFRic uses the following:470

1. The LFRicRedundantComputationTrans increases the number of halo layers that are redundantly computed by

each partition in exchange for decreasing the number of halo exchange communications needed during the simulation.

In addition, the annexed dofs parameter in the PSyclone configuration file can also be set to redundantly compute

any shared dofs at the edge of the partition, further reducing the number of halo exchanges required.
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2. The LFRicColourTrans splits the iteration space into multiple “colors” for those loops whose iterations are not475

independent from each other (due to updates to shared dofs). After the transformation, each “color” contains a set of

independent iterations that can be computed in parallel with each other, but different colors must be run in sequence. The

colors can currently be individual cells (columns), or tiles of cells of the same color.

3. The LFRicOMPParallelLoopTrans (typically applied in combination with the LFRicColourTrans) adds

OpenMP directives to parallelize any loop that has independent iterations. The transformation has parameters to select480

different OpenMP schedules and a parameter to enable run-to-run reproducible results (by implementing an alternative to

the native OpenMP reduction support), which is a capability sometimes needed in certain simulations that the MetOffice

runs. Note that the locality (shared or private) of variables do not need to be specified here, as PSyclone handles this

internally.

The next section will evaluate the performance impact of transformation (1) and the combination of (2 and 3). However,485

PSyclone’s LFRic DSL also has support for the following transformations that will not be evaluated in this paper:

– LFRicAsyncHaloExchangeTrans to split a halo exchange into a “start” call and a “waiting-for-completion” call.

Subsequently, the transformation script can move these apart in order to overlap the time spent in communication with

other computation available in the same invoke routine.

– LFRicLoopFuseTrans to fuse loops for adjacent kernels that do not have inter-dependencies.490

– LFRicKernelConstTrans to substitute runtime-invariant variables inside kernels with their literal values. Examples

include the number of dofs of a particular function space, the number of vertical layers in the mesh or the number of

quadrature points. This trades generality of the resulting executable for enabling the compiler to make better decisions

about how to optimize certain inner loops.

– Inlining transformations for Fortran intrinsics (such as Matmul2CodeTrans) to replace intrinsic operations with na-495

tive code. This enables limitations in compiler implementations (whether performance or correctness) to be overcome

and also permits further optimization of the source by subsequent transformations.

5.3 Evaluation of LFRic Performance and Scalability

The time-step of the dynamical core of LFRic (known as Gung Ho) is the performance-critical part of most LFRic applica-

tions. It has also been co-designed with PSyclone using the full DSL approach. The scaling behaviour of distributed-memory500

parallelism expressed over MPI and shared-memory parallelism expressed over OpenMP is reported in Bull et al. (2025). The

time-step shows good scaling with both shared and distributed memory. Those results are not reproduced below. Instead, this

section examines the impact of some of the PSyclone transformations described in the previous section. In particular, those

of Redundant Computation (1), with annexed dofs enabled; the insertion of Coloring (2) and OpenMP parallelism (3); and a

combination of all these transformations together.505
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Table 1. The time taken for 384 time-steps on a C256 cubed-sphere mesh, in seconds, for different resource configurations and optimization

choices and the percentage speed-up, RCS, of the optimized case over the non-optimized case. Also shown are the sizes of the interior region

and boundary per MPI rank and OpenMP thread in terms of the number of columns.

Nodes MPI

Ranks

per

node

Threads

per

rank

No Redun-

dant (s)

Redundant

(s)

RCS(%) Interior

Columns

(NInt
col)

NInt
col

per

thread

Boundary

Columns

(NBnd
col )

NBnd
col

per

thread

128 1 340.1 332.4 2.26 32× 32 1024 132 132

3 64 2 330.7 323.0 2.34 64× 32 1024 196 98

32 4 323.0 315.9 2.20 64× 64 1024 260 65

128 1 80.8 77.3 4.28 16× 16 256 68 68

12 64 2 76.5 72.3 5.53 32× 16 256 100 50

32 4 72.8 68.8 5.39 32× 32 256 132 33

128 1 29.2 27.5 5.79 8× 8 64 36 36

48 64 2 26.9 24.8 7.89 16× 8 64 52 26

32 4 26.1 23.9 8.39 16× 16 64 68 17

The gungho_model application, from LFRic Apps, version 2.1, is used to test the performance of the different optimiza-

tions. This runs a deep baroclinic wave test on a C256 cubed-sphere mesh. The mesh has 256× 256 cells on each of the six

panels of the cube. The model has 30 levels in the vertical. Thus the total number of cells is 256× 256× 6× 30 = 11796480.

This mesh corresponds to a horizontal resolution of approximately 35-40 km.

The elapsed time, in seconds, for running 384 time-steps of the model is shown in Table 1. The data was produced from the510

Met Office HPE EX systems with AMD EPYC Milan 7763 processors. The code was compiled with the Cray compiler, CCE

version 15.0.0 with high levels of optimization (-O3). Each Milan node is dual socket and each socket has 64 cores. With 1

OpenMP thread, the model runs with 64 MPI ranks per socket. With 2 OpenMP threads, 32 MPI ranks per socket, and with

4 OpenMP threads, 16 MPI ranks per socket. Thus, the number of CPU cores is fixed, but the ratio of MPI ranks to OpenMP

threads changes. The affinity of MPI ranks and OpenMP threads is set such that the OpenMP threads are bound to CPU cores515

within a single chiplet on the AMD socket, thus preventing NUMA effects between threads for the same MPI rank. The number

of nodes (3, 12, 48) controls the strong scaling and corresponds to 384, 1536 and 6144 CPU cores, respectively.

In Table 1, “No Redundant” refers to the default distributed-memory implementation generated by PSyclone and “Redun-

dant” refers to code generated with the Redundant Computation transformation (together with the “annexed dofs” configuration

option). For the No Redundant case, the halo exchange routine was called a total of 206,571 times in a single model run while in520

the Redundant case this fell to 142,539: a 31% reduction. N.B. for a fixed number of MPI ranks, the number of halo exchanges,

and thus MPI calls, is independent of the number of threads.
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Figure 5. The effect of PSyclone optimizations on the run time of the deep baroclinic wave test with a C256 cubed-sphere mesh on the Met

Office HPE EX system. The default, PSyclone-injected distributed memory parallelism achieves a Strong Parallel Scalability of ×11.6 from

384 to 6144 (×16) cores (72.5% parallel efficiency). The super-linear scaling between 384 and 1536 cores is likely due to the smaller local

volume fitting into cache. Applying all the transformations and running with four threads improves the per-core performance by ×1.22 for

the 6144 core case, achieving a Strong Parallel Scalability of ×13.2 (82.5% parallel efficiency). The dashed line shows ideal scaling.

The percentage speed-up of applying the redundant-computation transformation, RCS, can be defined as 1− TRedundant

TNoRedundant

and this metric is also shown in Table 1. This data makes it clear that, for a given combination of ranks and threads, applying

redundant computation is always beneficial. For all local volumes and cases (optimized and not optimized), the runs with525

four OpenMP threads perform best and those with one OpenMP thread the worst. The strong scaling data for the one- and

four-thread cases is also plotted in Figure 5.

Although redundant computation significantly reduces the number of halo exchanges, this has to be traded against the

increased computation that each thread must perform, as a percentage of its overall workload. This increased computation is

governed by the size of the halo region. Figure 6 illustrates the conceptual horizontal layout of an example of a single MPI530

sub-domain. (Conceptual because LFRic uses an unstructured horizontal mesh and the actual data arrays are one dimensional.)

This example has Nx =Ny = 5 and a halo of depth one. The diagram also shows how the cells (columns in 3D) are “colored”

so as to avoid race conditions when updating shared DoFs using shared-memory parallelism. Only cells of the same color

may be updated in parallel: the loop over colours is sequential. In this small example there are NInt
col =Nx ×Ny = 25 internal

columns and NBnd
col = 2× (Nx +1)+2× (Ny +1) = 24 boundary or halo columns. Although halo exchanges are performed535
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by individual MPI processes, the redundant computation in the halo region is parallelized over OpenMP threads. Therefore, by

design, the use of OpenMP threading improves the efficiency of the redundant-computation optimization.

Halo Cells

Owned Cells Ny

Halo Cells

Halo
Cells

Owned Cells 
Nₓ

Halo
Cells

Halo 
DOFs

Annexed
DOFs

Owned
DOFs

Figure 6. A single, 5× 5 LFRic MPI sub-domain with a halo of depth one. Illustrative DoFs located on cell vertices are shown as small

symbols. The “coloring” scheme used to prevent OpenMP race conditions while updating shared DoFs is indicated with shading (in LFRic

four distinct “colors” are used).

The strong-scaling behavior shown in Figure 5 can therefore be explained as follows: as the number of nodes increases (and

the MPI sub-domain size decreases), the relative cost of communication compared to computation increases. Thus the use of

redundant computation to reduce the number of communication calls becomes relatively more effective. In the large number540

of nodes regime, the cost of redundant computation is relatively higher because of the small internal domain size (Table 1, but

this is mitigated by parallelizing it over OpenMP threads.

6 Conclusions

This paper has introduced the open-source PSyclone tool for code generation and transformation and demonstrated its use

in achieving performance portability for typical weather and climate applications. The code-generation and transformation545

capabilities enable machine- or tool-chain-specific code to be created as required at build time, thus avoiding pollution of the

scientific code base. PSyclone supports two use cases:

1. code generation and optimization for models written in a DSL and following the PSyKAl separation of concerns;
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2. code transformation for existing models that do not use a DSL.

Currently, PSyclone supports two flavours of DSL named “LFRic” and “GOcean”. The LFRic DSL has been co-designed550

with the UK Met Office as part of the next-generation atmosphere model of the same name (Adams et al., 2019). The GOcean

DSL has been used with the MOST Tsunami model (Henrichs et al., 2025). PSyclone’s code-transformation capabilities are

being used or trialled with existing models that have a large but homogeneous code base such as NEMO, CROCO, MEDUSA

and UKCA. The application of PSyclone to transform existing models such as NEMO will be the subject of a future publication.

In all cases, PSyclone constructs the PSyIR of the code being processed. The PSyIR is designed to capture the compute555

aspects of a code while being language independent and mutable. It acts as the common target for all transformations. A

variety of PSyIR transformations have been implemented, including, but not limited to: redundant computation to avoid halo

exchanges, addition of OpenACC directives for expressing parallelism and data movement, addition of OpenMP directives

(both for CPU and for offload to an accelerator), module-inlining of kernel code, loop fusion and code instrumentation. An HPC

expert interacts with the PSyIR by constructing one or more transformation scripts in Python that use these transformations.560

To date, development of the LFRic model and the associated PSyclone support has focused on scientific functionality and

the ability to make use of the Met Office’s existing, CPU-based machines. As such, PSyclone is used to add both distributed-

and shared-memory parallelism to LFRic but support for OpenACC/OpenMP offload (so as to target GPUs) in this DSL is in

its infancy. Currently PSyclone is able to generate functionally-correct OpenACC code for LFRic but more work is required to

make this performant.565

In contrast, PSyclone’s support for OpenACC and OpenMP when transforming existing code is relatively mature and we

have demonstrated that here with the NEMO tracer-advection benchmark. Distributed-memory parallelism currently relies

entirely upon the functionality already present in the code being processed. Since this is an overhead on the scientific developer

and a potential source of error, we plan to extend PSyclone so as to configurably recognize existing halo exchange calls and

then build on PSyclone’s existing dependence-analysis functionality to determine whether or not they are required (or indeed570

whether any are missing).
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7 Code availability

PSyclone is available under a 3-clause BSD license and has a DOI of 10.5281/zenodo.11190457 (Ford et al., 2025). Note that580

while this DOI is for all versions, the DOI referenced by the citation refers specifically to version 3.1. All versions are also

available from https://github.com/stfc/PSyclone/releases.

PSycloneBench is also available under a 3-clause BSD license and has a DOI of 10.5281/zenodo.20625745 (Porter et al.,

2026). Again, the citation itself refers to the specific version used in this work. The achieved memory-bandwidths presented

in figure 3 were computed from arithmetic intensity estimates calculated by the memory_usage_estimate.py script585

distributed with PSycloneBench (in benchmarks/nemo/tracer_advection/scripts).

LFRic is released under a 3-clause BSD license and version 2.1 is available from the GitHub repository here: https://github.

com/MetOffice/lfric_apps/releases/tag/vn2.1. We used the “gungho_model” application in this work. To compile this model

with the PSyclone transformation script that applies all transformations:
590

1: $ cd lfric_apps

2: $ ./build/local_build.py -j <num-procs> -p meto-ex1a -w working-directory gungho_model

For more details, see the “LFRic Apps Command Line Builds” section in the "Developer Guide" of (UK Met Office, 2026a).

See also the “Mesh generation” section of (UK Met Office, 2026b) for instructions on using the mesh generator needed to595

construct the C256 mesh used here.
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