
SuperCode: sustainability PER AI-driven co-design
Broekema, P.C.; Nieuwpoort, R.V. van; Palumbo, F.; Tumeo, A.; Varbanescu, A.; Simmhan, Y.

Citation
Broekema, P. C., & Nieuwpoort, R. V. van. (2025). SuperCode: sustainability PER AI-driven co-
design. Cf '25 Companion: Proceedings Of The 22Nd Acm International Conference On
Computing Frontiers: Workshops And Special Sessions, 141-149.
doi:10.1145/3706594.3727576
 
Version: Publisher's Version
License: Licensed under Article 25fa Copyright Act/Law (Amendment Taverne)
Downloaded from: https://hdl.handle.net/1887/4294960
 
Note: To cite this publication please use the final published version (if applicable).

https://hdl.handle.net/1887/license:4
https://hdl.handle.net/1887/4294960


SuperCode: Sustainability PER AI-driven Co-design
Invited Paper

P. Chris Broekema
broekema@astron.nl

Netherlands institute for radio astronomy (ASTRON)

Dwingeloo, the Netherlands

Leiden Institute for Advanced Computer Science (LIACS)

Leiden, the Netherlands

Rob V. van Nieuwpoort
r.v.van.nieuwpoort@liacs.leidenuniv.nl

Leiden Institute for Advanced Computer Science (LIACS)

Leiden, the Netherlands

ABSTRACT

Currently, data-intensive scienti�c applications require vast amounts

of compute resources to deliver world-leading science. The climate

emergency has made it clear that unlimited use of resources (e.g.,

energy) for scienti�c discovery is no longer acceptable. To address

this challenge, the use of future and emerging computing architec-

tures promises to be much more energy e�cient. However, without

well optimized code these cannot reach their full potential. E�ec-

tively using emerging architectures has proven challenging due to

excessive cost and time involved in porting and optimising existing

code.We propose a generic AI-driven co-design methodology, using

specialized Large Language Models (like ChatGPT), to e�ectively

generate e�cient code for emerging computing hardware. Instead

of conventional KPI’s like computational e�ciency or runtime, we

propose sustainability as KPI, to emphasize our commitment to do

more science with fewer resources. We validate our methodology

with two challenging radio astronomy use-cases, terrestrial (LOFAR,

SKA) and space-based (OLFAR). The primary transverse goal of

SuperCode is to reduce the environmental impact of data-intensive

applications by unlocking the use of emerging e�cient hardware

architectures, through a novel approach of AI-driven co-design. In

contrast to normal co-design, where computational performance or

e�ciency is used as Key Performance Indicator (KPI), we introduce

a sustainability score instead.

We present the SuperCode project here in this form to introduce

the vision behind the project and to disseminate the work in the

spirit of Open Science and transparency. An additional aim is to

collect feedback and invite potential collaboration partners and

use-cases to join the project.

CCS CONCEPTS

• Computing methodologies→ Arti�cial intelligence; • Ap-

plied computing→ Astronomy; • Hardware→ Emerging tech-

nologies; Impact on the environment.
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1 INTRODUCTION

Data-intensive science, such as radio astronomy and high-energy

physics, requires vast amounts of compute resources to deliver

world-leading science. The current energy and environmental crises

drive a strong desire to do science in a manner that minimizes the

environmental impact we make while maximizing the science we

can deliver. Modern special-purpose compute architectures promise

to be much more power e�cient than general-purpose systems.

However, leveraging these novel architectures is time-consuming

and thus expensive due to the porting e�ort it takes to port exist-

ing code to a new architecture and the increasing complexity and

specialization of hardware components.

In this vision paper, we present SuperCode (SUstainability PER

AI-driven CO-DEsign), a novel approach to improve e�ective co-

design of hardware and software. since this is essential to ensure

that the resulting hardware and software combination is �t for

purpose and able to run e�ciently. We hypothesize that recent

advances in code generation with AI-based Large Language Models

(LLMs, e.g., ChatGPT) can be a catalyst for this process. We propose

a systematic AI-driven co-design methodology that can drastically

reduce the turn-around time to evaluate emerging technologies

for data-intensive science, with sustainability as Key Performance

Indicator (KPI). To validate our novel approach, we will explore two

radio astronomy science cases and investigate their most optimal

and sustainable emerging technology platform. With the partners

in our project, we will explore opportunities in other domains

like climate research, remote sensing and earth observation. The

primary contributions in this paper can be summarized as follows:

• Wepresent our vision for a novel AI-driven co-designmethod-

ology that promises to greatly improve the turn-around time

for the evaluation of emerging and new technologies for

data-intensive science.

• In the spirit of Open Science, team science and accountability,

we publish a modi�ed version of the project proposal for the

accepted SuperCode project.

• We de�ne sustainability as �rst class citizen, and use the

methodology we introduced in previous work [6] to explic-

itly reason about this.

https://doi.org/10.1145/3706594.3727576
https://doi.org/10.1145/3706594.3727576
https://doi.org/10.1145/3706594.3727576
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Figure 1: Adding science to the hardware/software co-design

loop and leveraging AI to facilitate this process

2 PROBLEM STATEMENT

Data- and compute-intensive science, or eScience, is now �rmly

established as the fourth science paradigm [23], as introduced by

Tony Hey and Jim Gray. While this opens exciting new abilities to

explore new science in vast amounts of data, this comes at very

signi�cant processing and energy cost [39, 56]. This cost is often

overlooked and poorly understood or appreciated. In the current

climate crisis we can no longer accept that world-leading science

has an unknown, and more importantly, potentially unconstrained

environmental impact [39]. We argue that a careful and deliber-

ate consideration needs to be made whether the scienti�c impact

outweighs the potential environmental impact by the processing re-

quired. Optimization and a better mapping of software to hardware

can shift this balance in our favour.

3 VISION AND METHODOLOGY

The primary transverse goal of SuperCode is to reduce the envi-

ronmental impact of data-intensive applications, through a novel

approach of AI-driven co-design. In contrast to normal co-design,

where computational performance or e�ciency is used as Key Per-

formance Indicator (KPI), we introduce a sustainability score in-

stead. This approach not only bene�ts our radio astronomy use-

cases, but also immediately bene�ts our commercial partners.

Data-intensive science, and in particular radio astronomy, thrives

by virtue of the availability of abundant and a�ordable computing to

process the vast amount of data generated by modern instruments.

Current generation instruments produce data at petascale [8], this

is expected to increase to exascale in the near future [7, 9, 18, 52].

Processing such data for primary science cases is already challeng-

ing, mining for serendipitous discoveries is likely infeasible due to

prohibitive energy costs. The current climate crisis makes it im-

portant to visualize and minimize the environmental impact of the

processing done. Generative AI, and in particular large language

models like ChatGPT, have already shown a remarkable ability to

generate code for well-known architectures [4, 21, 30, 38]. We will

investigate if we can push the boundaries of these AI models to gen-

erate code for more energy e�cient emerging hardware platforms.

Our method will thus face an extremely challenging problem: AI

needs to generate code in a language or paradigm that does not

know about. In this project we will develop and test a novel AI-

assisted hardware-software-science co-design methodology (see

Figure 1).

3.1 Sustainability

Scienti�c discovery is moving at an unprecedented pace, and many

areas of research are limited in their potential by the lack of suf-

�cient signal and data processing capacity [7]. However, the age

of data-driven scienti�c discovery potentially comes at a very sig-

ni�cant environmental impact. Signal processing for the LOFAR

telescope, excluding science processing done by the astronomer,

exceeds 500 MWh per year [29]. With increased capabilities this is

expected to increase over the next couple of years. Future telescopes,

like the Square Kilometre Array (SKA), are scaled such that procur-

ing su�cient compute capacity is initially infeasible [18]. Even the

partial system in that design will likely require MW-scale power.

E�orts are underway to gain insights into the environmental im-

pact that groundbreaking research infrastructures have [29, 31, 37].

However, there is currently no measure for the environmental im-

pact of a scienti�c discovery.

Part of our vision is to visualize the resources required to make

science possible. While energy consumption is the most obvious pa-

rameter in this context, it is by no means the only one. This is o�set

by the science output and/or economic impact, this is the societal

value created. The latter was studied for e.g. LOFAR by the Ra-

thenau institute [46]. While the de�nition of science value is bound

to be controversial, this may be de�ned in terms of peer-reviewed

publications, scienti�c discoveries, or prestigious prizes. We opti-

mize for relative science value, which we de�ne as the total value

created (total value of ownership, TVO) divided by the resources

consumed (total cost of ownership, TCO), shown in equation 1.

"( =

)+$

)�$
(1)

More detail about this method and its application in science can

be found in our earlier work [6]. Using this relation, we will design

hardware and software combinations that maximize science per

unit of environmental impact (the used unit is �exible, and can be

energy, CO2, water, etc., or combinations of those). While some

resources will inevitably be consumed, we need to be conscious of

both the cost of those resources, the value that can be created, and

be responsible enough to maximize the science we do with those.

Using the proposed methodology, we aim to create a process that

provides tailored advice for di�erent science cases.

4 SUSTAINABILITY AS KPI

In this project we distinguish two separate classes of KPIs. At the

micro level we evaluate the e�ectiveness of our AI-models by mea-

suring the e�ort required to evaluate a particular emerging technol-

ogy for our two use-cases. This involves an estimate of the quality

of the produced prototype code (i.e., does it work as is, what per-

formance is achieved, and does it produce accurate results), as well

as the accuracy of the sustainability estimate produced by the AI

model. Furthermore, we track the e�ort required and time needed to

evaluate complex emerging technologies. We will thus use concrete

measurements to validate our hypothesis.
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At macro level our co-design KPIs focus on sustainability. We

aim to minimize the environmental impact of data-intensive science

by leveraging emerging technologies to optimize the e�ciency of

signal processing needed to turn instrument data into scienti�c

data products. Traditionally we would optimize for computational

performance or e�ciency, in this project we rather focus on sus-

tainability, the exact de�nition and metric of which is to be de�ned

in the �rst stage of the project. Likely this is a combination of sci-

enti�c potential, energy consumed, time to answer, resources and

environmental impact required for production, recycling potential

and cost, and others, combined to a sustainability score. We note

that the environmental impact of technology will be an estimate

based on public information and best e�ort estimates.

We refer to notable e�orts by companies like Fairphone to be

more transparent with their annual environmental impact and the

progress made to reduce this [19]. De�ning scienti�c potential of

an instrument or technology will be challenging and is bound to be

controversial. This will be the focus of the �rst part of the project

but is likely to include potential for peer-reviewed publications,

ground-breaking discoveries, instrumentmean time between failure

and mean time to recovery and ability to host multiple experiments.

We acknowledge that this will be di�cult to de�ne but it is an

important and often forgotten metric. We note that as a fallback

scenario value can be de�ned as a constant, provided we ensure all

technologies deliver similar scienti�c potential.

5 AI-DRIVEN CO-DESIGN

Co-design generally is complex and time consuming, often requir-

ing hand-optimizing computational hotspots and a vast amount of

domain- and platform-speci�c knowledge. Therefore, it is currently

unfeasible to quickly react to changing scienti�c requirements or

emerging more e�cient hardware solutions, nor to discuss unfore-

seen opportunities with the researchers. Essentially, the scientist

(our end-user) currently is not an integral part of the co-design

loop. Exploiting the latest generative AI developments, we aim to

turn this around.

Generative AI, and in particular large language models like

Qwen, Llama3, ChatGPT, DeepSeek and many others have shown a

remarkable ability to solve straightforward coding problems. This

allows the programmer to focus on functional correctness, perfor-

mance and scalability. Our hypothesis is that the use of AI in co-

design can drastically reduce the e�ort needed to evaluate emerging

technologies, making their use in smaller niche use-cases far more

viable. This in turn leads to more sustainable science through more

e�cient use of energy and/or other resources. While we will test

closedmodels, our approach is generic andwewill favour openmod-

els like Llama 3 [22], DeepSeek-R1 [16] and Qwen hui2024qwen2

to ensure reproducibility and (to a degree) explainability. While

previously open models performed worse than many closed modes,

this gap has recently been nearly eliminated with the release of

e�cient reasoning models like DeepSeek.

A well-known property of LLMs is that they can hallucinate [59,

63], and thus generate unrelated or incorrect output. This is com-

monly seen as a bug. In this project, we see this as a feature instead,

and aim to tap into this creativity to generate novel solutions. I.e.,

we want to use this emerging knowledge for emerging technologies.

AI

HW

Code

Prototype
Code

Sustainability
score

User

Porting &
Optimization

Determine
sustainability

Figure 2: A high-level representation of our AI-driven co-

design vision

By combining AI with the concept of the human in the co-design

loop, the creativity exhibited by large language models is both

constrained and leveraged.

By evaluating existing generative models and tailoring and test-

ing our own models based on existing foundation models, we will

build an AI co-design companion that will assist both programmer

and system architect to design a sustainable hardware and software

combination. Initially we will prompt an existing AI large language

model with a combination of software and a detailed technical de-

scription of an emerging technology under investigation. Figure 2

shows a high-level overview of our AI-driven co-design concept.

The methodology we envision works as follows.

We will add more information to the foundation models through

matrix factorization techniques like low-rank adaptation (LoRA [25],

LoHA [26], LoKr [17]) or other emerging compute-e�cient train-

ing and/or �ne-tuning techniques (DyLoRA [47], GloRA [14] or

(��)3 [33]). This way, we tailor the AI for our needs. We will train

these for every emerging technology we investigate, providing the

knowledge needed to generate code and estimate the sustainability

of the platform, and the two use-cases at the heart of the project.

Recent successful work in using LLMs for Chip design indicates

that LLMs are indeed capable of grasping new architectures [34].

Additionally, we will investigate prompt tailoring and retrieval-

augmented generation on modern models [20, 32, 61], where we

take advantage of longer context lengths achieved by newer LLMs

that allow ever larger prompts that would ultimately allow us to pro-

vide both the entire architecture description as well as the reference

code. We will compare these two approaches. These techniques will

form the heart of our AI-accelerated co-design process. The trained

specializations will be publicly released.

We will �rst train generative foundation models with reference

implementations of the scienti�c data algorithms we use (in our

case signal processing algorithms like FIR �lter banks [48], FFTs,

beam forming [45], correlation [8, 41, 50, 53], dedispersion [43, 44],

etc.). These reference implementations are not optimized for per-

formance, but for explainability and correctness. Using the existing

base of open-source radio astronomy code, which is most of the

code running current telescopes, we will train our own model. To

validate our approach, as a �rst step we will use LLMs to trans-

late existing Nvidia GPU code to use AMD GPUs. Resulting code
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and performance will be compared to those generated by the HIP-

ify [24] tool provided by AMD, which functions as the ground truth,

making this an attractive �rst step that allows us to validate our

methodology in an early stage. These ported codes will be publicly

released.

Next, we will �ne-tune the models with existing hand-optimized

implementations, including CPU codes with vector instructions

(AVX-512), andGPU codes.We currently use auto-tuning [43, 44, 55]

to generate and test executable code for many di�erent optimiza-

tion options. In this project, we will feed all these generated codes

into the AI model, providing us with su�cient training data. What

makes this unique is that we measure the energy e�ciency of the

generated codes with unprecedented accuracy [55], allowing us to

construct a cost function, in turn enabling us to use reinforcement

learning to steer the AI towards more energy e�cient, and thus

potentially more sustainable, solutions [30]. Additionally, we can

train the model on a host of technical documentation of existing

and emerging hardware, for so far as publicly available. The fully

trained and �ne-tuned trained model will then be tasked to gen-

erate sustainability estimates and prototype codes for emerging

architectures, based on its learned representations and the new

hardware description. The sustainability estimate will be compared

to the �nal measured index. We note here that the �eld of genera-

tive AI is evolving at an unprecedented pace. Any technologies and

solutions mentioned in this paper may become obsolete during the

SuperCode project. We will monitor the �eld carefully and use an

agile approach to adjust our solutions as needed.

5.1 Emerging Technologies

To reduce the environmental impact of data-intensive science, we

turn to emerging technologies. The inevitable demise of Moore’s

law scaling has given rise to a host of alternative technologies that

aim to o�er improved performance and e�ciency at lower cost.

One of the earliest examples and one that is now �rmly in the

mainstream, is General Purpose computing on Graphics Processing

Units (GP-GPU) [35, 36]. Many techniques leverage specialization,

where special purpose components perform speci�c tasks more ef-

�ciently than general purpose hardware. This is very costly due to

non-recurring engineering expenses, and data-intensive science is

not expected to procure su�cient volume to recoup that investment,

even at the scale of the SKA. However, we do have the opportu-

nity to re-use specialized hardware tailored for other applications,

AI currently being the most obvious specialized hardware target.

Examples are the tensor core correlator that leverages AI-focused

cores on modern GPUs to improve e�ciency over older GPUs by

several factors [41]1.

In the short term we will target specialized cores on proven

hardware solutions for use in our use-cases. Speci�cally, AVX-512

extensions in CPUs [12], tensor cores in NVIDIA GPUs, and ma-

trix core engines on AMD GPUs. This will validate our approach,

while simultaneously reducing project risk. Next, we will apply the

approach on emerging but conventional silicon-based hardware

platforms, like the planned accelerators developed in the European

Processor Initiative (EPI), the Intel Ponte Veccio accelerator, and

currently not publicly described products by startup companies

1https://git.astron.nl/RD/tensor-core-correlator

Figure 3: The core of the LOFAR telescope.

like NextSilicon2 and Accelera AI 3. SURF’s open innovation lab4,

and in some cases DAS-6 [2] or its successor will enable access to

these emerging architectures. Finally, we will test our approach

on more esoteric emerging technologies, such as neuromorphic or

memristor based systems, without material changes to the underly-

ing methodology. This will test our hypothesis that the AI-driven

approach should be �exible enough to accommodate such very

di�erent platforms transparently, greatly reducing the e�ort and

turnaround needed to evaluate such systems for our use-cases.

6 USE-CASES

We will apply our methodology to two use-cases: one terrestrial

and one space-based. We have selected these because they are both

challenging but put vastly di�erent constraints and requirements

on the processing platform. Moreover, compared to data-intensive

applications in general, these are at extreme ends of the scale. If

we have validated these, it is plausible that our methodology also

is applicable for less data intensive applications.

6.1 Use-case 1: Terrestrial large-scale

distributed radio telescopes

Our �rst use-case focuses on terrestrial large-scale distributed radio

aperture synthesis arrays. These are at the forefront of low- and

mid-frequency radio astronomy. Speci�cally, we will use The LOw

Frequency ARray (LOFAR) [49], designed and built by ASTRON

(See also Figure 3), and Square Kilometre Array (SKA) [10, 42]

telescopes, currently under construction by a multi-national con-

sortium including ASTRON. Most partners in our user committee

are also involved in the construction of the software pipelines of

the SKA.

Aperture synthesis arrays create a virtual telescope by combin-

ing multiple geographically separated sensors. These all sample

the electromagnetic spectrum that, according to the Van Cittert-

Zernike theorem [62] can be considered to come from the same

distant source. Correlating many combinations of sensors gives

us a sparse set of points that have a Fourier-relation with the sky

image. We generally take advantage of the earth’s rotation as well

2https://www.nextsilicon.com/
3https://axelera.ai
4https://www.surf.nl/lab

https://git.astron.nl/RD/tensor-core-correlator
https://www.nextsilicon.com/
https://axelera.ai
https://www.surf.nl/lab
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Figure 4: The OLFAR roadmap, picture courtesy [5].

as the coherent nature of the signal of interest over incoherent

noise to �ll in the sparse image and amplify the weak astronomical

signals. Radio astronomy requires a lot of signal processing to turn

what is essentially noise into a scienti�c data product. The com-

putational requirements for such instruments scale dramatically

(O(=3) - O(=4)) with the size of the telescope, both due to increased

data volumes and more processing required per unit of data, which

is also a key driving factor in sensitivity and resolution.

LOFAR, a state-of-the-art low-frequency array, requires process-

ing at tera-scale. The SKA, which is about an order of magnitude

larger in terms of receivers, is expected to require peta-scale pro-

cessing [10]. The initial procurement of compute infrastructure

will not cover that requirement, mostly due to budget and energy

constraints. The scienti�c potential of current and future radio

telescopes is limited by the availability of su�cient a�ordable data

processing capacity and software. In use-case 1, we will evaluate

the sustainability aspects of signal processing algorithms for terres-

trial telescopes, like FIR �lter banks [48], FFTs, beam forming [45],

correlation [8, 41, 50, 53], dedispersion [43, 44], etc.

6.2 Use-case 2: Space-based radio telescopes

Use-case 2 is more speculative. The promise of higher sensitivity

thanks to less ionospheric disturbance and Radio Frequency Inter-

ference (RFI) [51] and an unexplored low-frequency band due to

the opaqueness of the atmosphere to frequencies around 10MHz, is

generating interest for space-based interferometers. Such instru-

ments include both orbiting swarms (OLFAR [5, 54], ALO [28] and

DSL [15], as well as lunar surface instruments (Farside [11] and

LuSEE’Night’ [3]). The OLFAR roadmap is presented in Figure 4.

The hostile extra-terrestrial environment and limited available en-

ergy, volume, mass and ability to dissipate heat, lead to unique and

quite di�erent concepts and challenges [40] compared to terrestrial

telescopes, making this an interesting use-case.

Where terrestrial radio telescopes favour the transport of as

much data as feasible to a central location for processing, this is not

the case for space-based telescopes. Here, due to excessive band-

width constraints and costs, edge processing is key. Furthermore,

in space, energy is not abundant and heat dissipation of signal

processing systems may be challenging. Cosmic radiation requires

space-hardened systems, which are based on older (i.e., with larger

gate sizes) production technologies, whereas from a sustainability

viewpoint we would favour the newest processes. Note that these

considerations are immediately applicable to space-based earth

observation, where similar constraints are encountered. Project

partners Sioux and S[&]T have extensive experience in earth ob-

servation and have expressed a keen interest in this similarity.

The signal processing is similar for space-based radio interfer-

ometry. That said, sustainability will be very di�erent, considering

energy in space is sustainably generated. Thus, production and

launch will be much more dominant in the equation. Furthermore,

we need to consider the environmental impact after the useful life

of the instrument. If in orbit, this means de-orbiting to avoid cre-

ating space junk. In use-case 2, we will evaluate which emerging

architectures are most suitable and sustainable for space-based

telescopes.

7 SCIENTIFIC AND SOCIETAL IMPACT

We �rmly believe that the use of LLMs will fundamentally and

disruptively change the way both academia and industry develop

software. The role of software developers will not disappear but will

require developers to use and understand this novel AI technology

to be more productive and e�cient. The Supercode project has six

industrial partners who already collaborate with us in designing

and constructing software pipelines for the SKA. The partners

were carefully selected on what is their core business: software

development in business and industrial applications. Therefore,

they will be very much a�ected by LLM-based code generation. By

using the technologies developed in this project in their own use-

cases during the workshops we will organize, they will be better

prepared for the future, thus signi�cantly enlarging the societal

impact of our research.

To ensure that our methods and results are transferred to our

industrial partners we will organize workshops and hackathons,

with their broader organizations and stakeholders beyond the user

committee. These workshops are broader in terms of the audience

and also include the software development teams constructing

the SKA software pipelines. In these workshops we will discuss

our results, show demos, but will also take a hands-on approach

to tackle concrete use cases brought in by the participants. The

advantage of our methodology is that it enables quick prototyping

and experimentation, allowing the users to quickly get a feel for

what is possible. Towards the end of the project, we will develop

open training materials in Software Carpentry style, enabling an

even broader community to implement themethods wewill develop.

This ensures long lasting impact, also after the project has �nished.

We will develop tools and instrumentation to maximize science

output per unit of environmental impact. The sustainability score,

the KPI in this project, is a trade-o� of value (science output) and

cost (environmental impact), clearly indicating that societal and

scienti�c impact are of comparable focus. The energy usage of

data centres, often to a large extent caused by AI applications, is

unsustainable, and will have to be reduced. By not training full

models, but instead using and �netuning and extending existing

pruned foundation models, we aim to show that much more ef-

�cient approaches are feasible, in science, but also in industrial

applications.
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By implementing our work in concrete use cases related to the

SKA, and the direct involvement of the SKA software developer

teams, we embed our work in the SKA community. We will publish

the results of this project in top conferences and journals. Because

of the interdisciplinary nature of the work, we aim to publish in

both computer science and astronomy. We take the approach of

�rst publishing extended abstracts in astronomy, mostly to dissem-

inate and validate the work with our peers. Next, we publish the

methodological aspects in top computer science venues (e.g., su-

percomputing, PASC, IPDPS, ICS). Finally, we publish the applied

results in astronomy journals (A&A, MNRAS, astronomy & com-

puting, etc.). With this triple-target publication strategy, we reach

di�erent audiences, maximizing our scienti�c impact.

8 RELATED WORK

AI-supported code generation has recently become possible [1, 58]

and has seen only very limited application in high-performance

computing. So far, no research has been done on generating and

porting code to emerging architectures. This is challenging since

there are no concrete code examples on the emerging architecture,

so the LLMs must e�ectively do transfer learning to port existing

codes to new architectures. LLMs have not been used with the spe-

ci�c focus of generating code for exploring more energy e�cient

combinations of hardware architecture and software implementa-

tion.

Godoy et al. [21] evaluate AI-assisted generative capabilities on

several numerical HPC kernels. They generated codes for a variety

of programming models and languages, including C++/OpenMP,

OpenACC, Kokkos, SyCL, CUDA, Fortran and Julia. However, all

algorithms tested were well known (e.g., the models were trained

on many examples), and they did not generated code for emerging

architectures. Nevertheless, this does indicate that our proposed

approach is feasible.

Currently, LLMs do not understand program semantics, and o�er

no guarantees about quality of the generated code. Jain et al. [27]

demonstrated that augmenting LLMs with syntax and semantics-

aware program analysis and user feedback improves the output.

The interactive properties of LLM models (via the prompt) have

not been used for co-design research in this context. Our project

will, for the �rst time, apply the emerging abilities of generative AI

to reduce the challenges that are faced in e�ective co-design.

IBM is currently using generative AI to modernize legacy appli-

cations [13]. Their work focuses mostly on translation from COBOL

to Java, while our approach translates to di�erent architectures. We

must translate between programming languages, but also need to

exploit di�erent forms of parallelism (semi-)automatically.

EcoOptiGen [57] is a hyperparameter optimization framework

for LLMs. EcoOptiGen leverages cost-based pruning to reduce the

(energy) cost of LLMs. Like EcoOptiGen, we will also explore the

AutoGen [60] framework. While EcoOptiGen focuses on inference,

our work focuses on training and �netuning aspects.

CodeRL [30] is a framework for program synthesis through pre-

trained LLMs and deep reinforcement learning. It uses a critical

sampling strategy to automatically generate programs based on

feedback from example unit tests. Our envisioned approach extends

this with full reference codes and codes for other architectures.

Moreover, our philosophy is (semi)-supervised and based around

co-design, keeping an expert in the loop.

9 COLLABORATION

The SuperCode project, started in January 2025, is funded through

a Dutch Public Private Partnership programme. Seven Dutch and

international companies, as well as representatives from the Dutch

scienti�c community already collaborate in this project. The project

will organise several workshops and hackathons, where we work

with our partners to apply this methodology on their own codes.

Furthermore, the project will follow open science best practice,

allowing broad adoption of the methodology and results.

Because of extensive expressed interest from industry and sci-

entists alike, we invite the international scienti�c community and

interested international industry representatives, to consider part-

nering in this project. We would especially be interested in collabo-

rating with disciplines beyond the natural sciences.

10 CONCLUSION

We have presented a novel AI-driven co-design concept that aims

to revolutionise the way we design and build data-intensive science

infrastructure and code. The use of generative AI allows us to more

quickly adopt new and emerging technologies, making it feasible

to optimise for sustainability instead of functionality. We invite

collaboration to explore this concept beyond its original vision and

use cases. The full proposal is available as a pre-print publication5.
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