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ABSTRACT
The advent of Large Language Models in software engineering
brings both academic research and industry to the cutting edge
of uncharted territory, breaking the typical division of roles, and
inviting a new type of symbiosis between academia and industry.
This paper draws insights from the SILAS workshop, collocated
with ICT4S 2025, which aimed to examine sustainability in the
context of software development supported by Large Language
Models (LLMs). This paper identifies key gaps between academic
and industrial approaches to methods and metrics, accessibility of
systems, and efficiency trade-offs. Examples include differences in
technology maturity levels, metrics, and assumptions about oper-
ational environments in each context. We outline key considera-
tions for shaping research agendas that emphasize standardized,
outcome-oriented studies linking reproducibility with real-world
sustainability, aiming at achieving greener AI.

CCS CONCEPTS
• General and reference → Metrics; Empirical studies; • Hard-
ware→ Impact on the environment.
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1 INTRODUCTION
Artificial Intelligence (AI) has become a central technology in re-
cent years, proving valuable across numerous fields by uncovering
patterns in vast datasets [13]. With the introduction of Large Lan-
guage Models (LLMs) such as GPT-3.51, AI quickly reached a broad
audience of hundreds of millions of users [9]. Alongside these
benefits, AI’s rapid advancement has raised societal challenges,
particularly regarding the growing energy demands of large-scale
models. Calls to reduce AI’s environmental impact have intensified,
as training and deploying these models contributes significantly to
global energy consumption [5, 20]. Companies such as Microsoft
and Alphabet have reported steep increases in both energy use
and related emissions as a result of AI development [11, 18]. In
response, the software engineering community has increasingly
focused on defining research agendas, metrics, and practices for
environmentally sustainable AI [3].

For software development, specialised LLMs known as code
LLMs aid developers with programming, with GitHub Copilot be-
ing one of the most popular [15]. These models are fine-tuned with
code training data [22] or trained from scratch with a mix of nat-
ural and programming language text [12]. As code LLMs become
integrated into programming practice, questions about their long-
term sustainability gain importance. To address these challenges,
we organised a hybrid workshop at the 11𝑡ℎ ICT for Sustainability
(ICT4S) conference in 2025, focusing on Sustainability in LLM-
assisted Software Development (SILAS). During the workshop, par-
ticipants collaboratively identified challenges through structured
discussions, working with Padlet (Figure 1) to capture, group, and
refine themes into potential research directions. This paper exam-
ines the landscape of LLM-assisted software development from a
broad perspective. It presents a research agenda that emerged from
the workshop, highlighting the misalignment between academia
and industry, and directions for future research.

When considering industry’s needs, we should not confuse use-
fulness with immediacy. Industry prioritises latency, reliability, and

1OpenAI. 2022. Introducing ChatGPT. https://openai.com/blog/chatgpt
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Figure 1: Padlet capturing the discussions of the workshop.

cost, as these are operational bottlenecks. Academia, by contrast,
stretches the horizon of what might count as important: fairness
across deployments, sustainability metrics, standardised reporting.
Taking into account industry needs is not abandoning this horizon,
but defining our contributions in ways that industry can imagine
adopting. That means thinking about comparability, simplicity, and
scale from the outset, even if the first versions of our metrics remain
abstract. In this sense, usefulness is not measured only by immedi-
ate uptake, but by whether our ideas can mature into a perspective
that the industry will one day recognise as indispensable.

We identify three main focus areas, each with a gap between
academic research and industry needs: (i) methods & metrics, (ii)
accesibility and relevance of systems, and (iii) costs, trade-offs and
efficiency. These focus areas structure this paper and capture both
the breadth and depth of our workshop discussions. For each area,
we examine academic literature, industry needs and priorities, and
the tensions that arise between them. By documenting the dis-
cussions involing participants from industry and academia during
SILAS, we aim to bridge the gap between these two camps and
outline research directions that can better align their interests.

2 METHODS & METRICS
Academic strength.Academic research hasmade important progress
in measuring the energy footprint of AI systems. At the hardware
level, socket-based measurements remain the ground truth, comple-
mented by hardware-supported software estimators such as Intel’s
RAPL and NVIDIA’s NVML. Several studies in software engineering
and systems research have highlighted both their value and their
limitations, showing that estimator accuracy varies significantly
across workloads and hardware platforms [1]. This demonstrates
the need for transparency and reproducibility in reporting.

Beyond measurement tools, serving infrastructure also affects
efficiency. Serverless inference frameworks use optimizations such
as PagedAttention [16] to boost throughput while maintaining
latency, showing that energy per token depends on the model and
also on its backend implementation [8]. At the algorithmic level,
inference strategies such as early exit improve latency–throughput
trade-offs and support energy-aware optimization [4].

Benchmarking studies are increasingly evaluating energy effi-
ciency alongside accuracy and latency. Argerich et al. [1] systemat-
ically analyze how architecture, batch size, and quantization affect
LLM energy efficiency, showing that efficiency is inseparable from
deployment design choices. A recent study [? ] examines how di-
verse models perform software development tasks—such as code

generation, bug fixing, and documentation—considering both ac-
curacy and energy efficiency. They find that models performing
the same task vary in energy efficiency and accuracy, and that
individual models behave differently across tasks. More broadly,
user-defined benchmarking frameworks are emerging that treat
efficiency as one axis of trade-off in practical decision contexts [10].

Industry needs/priority. From the industry perspective, metrics
must be more than technically precise: they must also be relevant
and comparable to operational contexts. Current metrics such as
Joules per token (or request) rarely capture the end-user experience.
A developer using Copilot does not care about the efficiency of a
single token; they care about the total energy required to obtain
a useful answer. If multiple prompt–response cycles are needed
before code compiles or a bug is fixed, the real footprint may be
two or three times higher than reported by per-token measures.
Furthermore, Copilot users do not care about energy specifically,
since Copilot is not locally hosted. Instead, they are concerned
with the financial cost of using the service. Conversely, for locally-
hosted models, they may worry about energy, but only on the long
run, never for joules per token or similar metrics. These low level
metrics, although important and meaningful to evaluate efficiency,
are not relevant for most practitioners.

This mirrors the regulatory logic of the EU’s energy labels, which
require metrics to be accurate, relevant, and comparable. Accuracy
ensures measurements are trustworthy; comparability allows dis-
tinguishing among alternatives; relevance guarantees that met-
rics reflects actual use. For LLMs, accuracy and comparability are
progressing (validated estimators, benchmark frameworks), but
relevance is largely missing.

Considerations. Bridging the gap requires developing metrics
that connect technical measurement to end-user outcomes. One
promising direction is to extend benchmarks to capture energy
per useful outcome such as successful code completion, accepted
suggestion, or resolved bug. This would align academic methods
with industry needs, where efficiency must be assessed for tasks
rather than tokens. Even better would be to report cost, e.g., in
euro, per useful outcome. This is feasible and, at scale, a more
meaningful measure than joules or Wh.

Another direction is standardization. Today, energy studies use
heterogeneous tools and protocols, making comparisons difficult.
Establishing reproducible evaluation protocols—specifying how
to measure, report, and normalize results across hardware—would
provide common ground for academia and industry. Research should
expand beyond single-inference benchmarks to includemulti-turn
interactions and workflow components (e.g., retrieval in RAG
pipelines), which are central to how LLMs are used in practice.

Evidence of practitioner interest is also visible in community
initiatives such as Hugging Face’s “AI Energy Score,” which explic-
itly aims to provide comparable reporting across models2. While
not peer-reviewed, such efforts showcase that the demand for stan-
dardized, cross-model comparisons exists within the practitioner
and open-source communities.

Taken together, these considerations point a research agenda
that treats sustainability metrics for LLMs with the same rigor that

2https://huggingface.co/ai-energy-score, Accessed: 2025-09-30
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policy frameworks such as EU energy labels apply in other domains:
metrics must be accurate, relevant, and comparable.

3 ACCESSIBILITY AND RELEVANCE OF
SYSTEMS

Academic strength.Most academic work on efficiency assumes
an open-system setting, where model weights and architectures
are accessible. Within this context, pruning, quantization, and dis-
tillation have been shown to substantially reduce computational
demands while preserving accuracy [7]. Automated quantization
pipelines further demonstrate that such improvements can be ap-
plied at scale without extensive manual intervention [2].

Recent advances include post-training pruning methods such
as Plug-and-Play, which achieves efficiency gains without retrain-
ing [27], and system-level strategies such as energy-aware ensemble
model selection, which dynamically balances accuracy against en-
ergy costs in production [19]. These methods generally assume full
access to model weights and architectures, making them effective
for open or research-grade models yet limiting their applicability
to the closed, API-based systems that dominate industry use.

Industry needs/priority. In industry, the most widely deployed
LLMs (e.g., GPT, Gemini and Claude) are closed systems accessed
only through APIs. This makes weight-level optimizations such as
pruning or distillation impossible to apply directly, since practition-
ers have no access to model internals.

At the same time, enterprises rarely use models in isolation.
Real deployments embed LLMs into larger workflows: retrieval-
augmented generation (RAG) requires indexing, embedding, and
vector search; orchestration frameworks chain multiple calls and
external tools; user-facing applications such as Copilot or Cursor
integratemodels into interactive systems. Each of these components
consumes additional compute resources and contributes to the
overall energy footprint.

Most current evaluations, however, still focus on the bare model
in isolation. While such benchmarks provide useful lower bounds,
they systematically underestimate the footprint of production sys-
tems. To reflect operational reality, evaluation must extend beyond
single-model inference and capture the costs of retrieval, orchestra-
tion, and repeated calls across full workflows. Such a shift would
complement existing academic approaches them with system-level
perspectives reflecting how LLMs are actually used in practice.

Considerations. Bridging the divide between the assumption
of open models made by academia and the closed models often
used in industry requires methods that remain effective without
access to model internals and that capture the complexity of
deployed systems. Promising directions include input–output or
system-level optimizations such as context pruning, efficient
retrieval, and orchestration strategies. Rather than replacing
existing model-level work, these approaches extend the efficiency
agenda to settings that more closely mirror production.

Signs of convergence are already emerging. Frameworks such
as BERGEN [21] benchmark retrieval-augmented generation with
efficiency alongside accuracy, reflecting practitioner demand for
workflow-relevant evaluation. The next step is to establish shared,

reproducible protocols that move beyond open-model assump-
tions and capture the full system costs of deployment. By com-
plementing model-level insights with workflow-aware approaches,
the community can develop evaluation practices that are both sci-
entifically rigorous and operationally meaningful.

Finally, research explores how RAG can support software
development tasks [26], and other studies address its energy
efficiency [24]. Notwithstanding, we are not aware of any paper
examining the intersection of these two aspects.

4 COSTS, TRADE-OFFS, AND EFFICIENCY
Academic strength. Academic research has established a solid
foundation for understanding and improving AI energy efficiency.
For example, Alizadeh et al. [? ] show that in software development
tasks some models can produce best-of-class results while also
being energy-efficient. This suggests that these two attributes do
not always need to be treated as a trade-off, as long as the ML task
at hand is taken into account.

Recent work broadens this perspective by introducing more
holistic sustainability frameworks. Wright et al. [25] argue that
efficiency alone is insufficient, noting that improvements in energy
or compute efficiency can mask broader environmental trade-offs,
including increased demand, resource intensification, and shifts in
embodied carbon. They advocate for life cycle assessments that
extend beyond training-time energy measurements to include up-
stream and downstream impacts.

This broader framing is supported by Malmodin et al. [17], who
provide empirical data on global ICT energy use, including AI.
They show that end-user devices account for more than half of
total consumption during operation. Although their analysis is
not specific to AI workloads, it demonstrates the importance of
considering client-side energy use when evaluating system-wide
efficiency. These results challenge the current academic focus on
server-side or training-centric assessments and emphasize the need
for system-level and usage-aware evaluation methods.

To keep academic studies relevant to deployment realities, bench-
marks should emulate production-scale conditions. Real-world in-
ference involves sustained, high-throughput workloads where con-
current requests, GPU saturation, and memory scheduling strongly
affect power and latency. Frameworks such as vLLM [16] offer
an important step toward reproducible, yet realistic evaluation by
enabling efficient request handling and hardware use.

Industry needs/priorities. Industry evaluations of AI energy use
increasingly emphasize operational performance and system-level
efficiency. In a recent large-scale study, Elsworth et al. [6] present a
methodology for measuring the environmental impact of delivering
AI services at Google scale. Their framework uses full-stack mea-
surement boundaries that include accelerator energy use as well
as host systems, idle infrastructure, and datacenter overhead. This
marks a shift toward assessing the environmental cost of inference
at the point of use rather than focusing solely on training.

To capture output utility, Elsworth et al. [6] introduce the Arena
score—a large-scale, Elo-stylemetric comparing generated responses.
This enables comparison of energy and emissions per unit of out-
put quality. The authors report a 33-fold reduction in energy use
for the median Gemini prompt within one year, achieved through
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integrated software, hardware, and infrastructure optimizations
reflecting a commitment to sustainability-focused design.

The focus on quality-per-prompt efficiency reflects a shift to-
ward outcome-oriented metrics that emphasize deployment-phase
costs and user-perceived performance. However, the study explic-
itly delimits the system boundary to exclude end-user energy con-
sumption, which—as noted in academic work—can constitute a
substantial portion of the overall footprint. Aligning the measure-
ment boundaries used in academic research with those adopted in
industry remains essential for comparability and to ensure that effi-
ciency gains translate meaningfully to system-level sustainability.

Considerations.While industry has advanced system-level mea-
surement and deployment-oriented optimization, the conceptual
basis for meaningful evaluation still stems from academic and in-
terdisciplinary research. Contributions such as Wright et al. [25]
and Malmodin et al. [17] provide essential framing for interpreting
energy efficiency beyond narrow hardware or training scopes. They
highlight the need formetrics that encompass full life-cycle im-
pact, including client-side energy and rebound effects. However,
these perspectives have yet to be fully operationalized.

In contrast, recent industry efforts have implemented pragmatic
measurement boundaries, such as energy per prompt, tied to output
quality via metrics like the Arena score [6]. These metrics repre-
sent a concrete, quality-of-outcome-oriented framework that
aligns with deployment realities. To ensure that energy optimiza-
tion strategies are effective and comparable, academic work should
consider fair quality and energy mixing score. Research can thus
contribute to improvement strategies grounded in realistic perfor-
mance baselineswhile retaining the critical perspective necessary
to evaluate their broader environmental and societal implications.

To ensure that energy-performance evaluations generalise be-
yond lab conditions, academic studies must emulate the opera-
tional environments of industry deployments. This includes run-
ning benchmarksunder high-throughput scenarios, where shared
infrastructure, GPU saturation, and memory scheduling sig-
nificantly affect energy consumption. To improve representative-
ness, inference servers such as vLLM [16], which replicateproduction-
like request handling, are preferable to single-request setups
using libraries like HuggingFace Transformers.

5 DISCUSSION
Academic and industrial communities approach AI sustainability
from complementary perspectives: academia develops foundational,
reproducible methods, while industry optimizes large-scale systems
under real-world constraints. We synthesize the resulting tensions
across the workshop’s three focus areas.
Challenge 1: TRL-driven divergence in goals and scope. These
differences in focus and context can be viewed through the lens of
Technology Readiness Levels (TRLs)3. Academic work typically falls
within TRL 3–5, where ideas are developed and tested in controlled
settings, whereas industry operates at TRL 7–9, integratingmethods
into large-scale, production-grade systems. This variation helps
explain differences in metrics, optimization strategies, and system
boundaries seen across research and practice.

3https://ec.europa.eu/research/participants/data/ref/h2020/other/wp/2016-
2017/annexes/h2020-wp1617-annex-ga_en.pdf

Challenge 2: Bridging model-level methods and deployment.
Academic research contributesmainly at the conceptual andmethod-
ological levels. Techniques such as pruning, quantization, and com-
pression [23] yield generalisable improvements in model-level effi-
ciency, typically validated under controlled conditions. This places
them at TRL 3–5: effective in constrained scenarios but not yet
deployed in real-world systems. Likewise, recent calls for holistic
sustainability assessments [17, 25] expand the scope of inquiry but
remain early in practical adoption. These limitations are particularly
salient when dominant LLM deployments are closed and accessed
via APIs, which restricts access to model internals (Section 3). In in-
dustry, inference efficiency is pursued under production constraints
at scale. For example, Elsworth et al. [6] report energy and emis-
sions per user prompt within a full-stack measurement boundary.
Their use of the Arena score to relate output quality to resource con-
sumption reflects TRL 9 deployment maturity: outcome-oriented,
data-driven, and embedded in operational systems.
Challenge 3: Bridging evaluation frameworks. The disconnect
between academic and industrial efforts, e.g., Sections 2 and 3, does
not appear to stem from a classic “valley of death” scenario [14],
where promising research fails to translate due to a lack of resources
or infrastructure. On the contrary, both communities have contin-
ued to advance independently—industry by deploying outcome-
driven efficiency metrics and optimization pipelines at scale [6],
and academia by deepening methodological understanding and
developing reproducible frameworks [23, 25]. This suggests that
the divergence is not one of inaction, but rather of differing priori-
ties and scopes of evaluation. The key challenge is therefore not
failed translation from lower to higher TRLs, but enabling shared
frameworks that connect scientific rigor with real-world utility and
support principled evaluation of energy efficiency across the AI
lifecycle. Between these extremes, we observe an emerging middle
ground. Approaches such as realistic benchmarking with vLLM [16]
or input-level optimizations like prompt restructuring and context
pruning reflect an upward trajectory from mid-TRL academic work.
These methods retain the transparency and replicability valued in
research while addressing production constraints like concurrency,
latency, and GPU saturation. They offer promising avenues for ad-
vancing research toward deployable solutions without requiring
privileged access to closed-source models.
Challenge 4: Completeness vs. feasibility of measurement
boundaries. This tension is already visible in the trade-offs dis-
cussed in Section 4. Elsworth et al. [6] report energy and emissions
per user prompt within a full-stack measurement boundary, but
deliberately exclude end-user devices—highlighting the tension be-
tween completeness and feasibility in high-TRL environments. Such
boundary choices shape what is counted as “efficiency”: they affect
comparability across studies and can shift the apparent location of
energy consumption to components outside the reported system.
Because boundary choices determine where impacts are accounted
for, they also raise a fairness question: where and by whom is en-
ergy consumed? A substantial share of ICT energy use occurs on
the client side [17], beyond the boundaries typically considered
in industrial reporting. When efficiency metrics exclude end-user
devices, the environmental burden risks being displaced rather than
reduced, e.g., externalized to regions with higher carbon intensity.

https://ec.europa.eu/research/participants/data/ref/h2020/other/wp/2016-2017/annexes/h2020-wp1617-annex-ga_en.pdf
https://ec.europa.eu/research/participants/data/ref/h2020/other/wp/2016-2017/annexes/h2020-wp1617-annex-ga_en.pdf
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In light of these findings, academic work remains essential—not
only in safeguarding the validity and reproducibility of efficiency
claims, but in ensuring that what is optimised truly reflects a fair
and sustainable distribution of environmental impact.

6 CONCLUSION
This paper has explored the multifaceted landscape of sustainable
AI, focusing on the measurement, optimization, and evaluation
of energy efficiency across both academic research and industrial
deployment. We have shown that while academia and industry
operate under different priorities and constraints, they contribute
in complementary ways to the sustainability of AI systems. Aca-
demic research excels at developing foundational methods and
reproducible frameworks for model-level efficiency, while industry
leads in deploying full-stack solutions that optimize performance
and environmental cost under real-world usage conditions.

These efforts often differ in scope and assumptions, particularly
in how system boundaries are drawn and outcomes are evaluated.
Bridging this gap requires metrics that make sense to both sides,
consideration of relevant trade-offs, and rigor and transparency in
resource estimation, so as to ensure accountability and fairness.

Discussions during the workshop made it evident that this topic
is broader than software development and reaches towards other
aspects of AI sustainability. To advance the field, we call for stronger
collaboration between communities and the development of shared
frameworks that bridge scientific insight with operational relevance.
In 2026, we are planning to organize a follow-up workshop with
this broader scope in mind. Only by aligning methods, metrics,
and goals across the full lifecycle of AI—from model design to user
interaction—can we ensure that the drive for efficiency results in
long-term environmental and societal benefit.
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