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ABSTRACT

The environmental impact of Artificial Intelligence (AI)-enabled
systems is increasing rapidly, and software engineering plays a
critical role in developing sustainable solutions. The “Greening
AT with Software Engineering” WorkshopE] funded by the Centre
Européen de Calcul Atomique et Moléculaire (CECAM)) and the
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Lorentz Center) provided an interdisciplinary forum for 29 partici-
pants, from practitioners to academics, to share knowledge, ideas,
practices, and current results dedicated to advancing green soft-
ware and Al research. The workshop was held February 3-7, 2025,
in Lausanne, Switzerland. Through keynotes, flash talks, and col-
laborative discussions, participants identified and prioritized key
challenges for the field. These included energy assessment and
standardization, benchmarking practices, sustainability-aware ar-
chitectures, runtime adaptation, empirical methodologies, and edu-
cation. This report presents a research agenda emerging from the
workshop, outlining open research directions and practical recom-
mendations to guide the development of environmentally sustain-
able Al-enabled systems rooted in software engineering principles.
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1. INTRODUCTION

The rapid advancement of Artificial Intelligence (AI) has brought
substantial benefits across numerous domains, but it has also
raised growing concerns about its environmental sustainability.
As Al models increase in size, complexity, and deployment scale,
so do their energy consumption and carbon footprint (e.g., [27]).
Training large-scale models can consume as much energy as pow-
ering homes for weeks or months, while inference at scale further
compounds this impact. Yet methods for measuring, optimizing,
and communicating these effects remain fragmented, inconsistent,
and underdeveloped [29).

Software Engineering (SE) has a critical role to play in addressing
these pressing challenges. Architectural decisions, development
practices, tooling, benchmarking, and lifecycle management, all
shape the environmental profile of Al-enabled systems. However,
sustainable Al development is inherently interdisciplinary, requir-
ing coordination across Al research, systems engineering, educa-
tion, and policy. To understand how SE can contribute mean-
ingfully to this space, we must examine methodological practices,
educational strategies, tools, and infrastructure-level design. As
such this article is a response to the call for contributions to ad-
dress emerging trends from an SE perspective [12].

This article presents key insights from the “Greening AI with Soft-
ware Engineering” workshop held in Lausanne, Switzerland, on
February 3-7, 2025, co-financed by the Centre Européen de Cal-
cul Atomique et Moléculaire (CECAM) and the Lorentz Center.
The workshop gathered 29 participants from academia and indus-
try for an intensive program of keynotes, flash talks, and breakout
discussions. Designed to support co-creation, the workshop for-
mat enabled participants to collaboratively identify and refine the
focus areas that structure this reportﬂ In doing so, the workshop
surfaced open questions, practical tensions, and recurring patterns
in how AI sustainability is approached across domains.

The five focus areas presented in this report are: 1) energy as-
sessment and standardization, 2) evaluation and benchmarking
of Al sustainability, 3) software architecture and lifecycle, 4) em-
pirical methods and reproducibility, and 5) education and aware-
ness. These areas structure the main body of the article and
reflect both the breadth and depth of sustainability challenges
discussed during the workshop. Across the five focus areas, we
identify cross-cutting concerns such as standardization, metric de-
sign, and holistic thinking that shape the broader research agenda.
By summarizing and synthesizing these discussions, this article
contributes to building a shared vocabulary of key terms, dis-
tinctions, and recurring themes, and outlines a research agenda
for advancing environmentally sustainable AT with Software En-
gineering. A particular effort has been made to emphasize how
we imagine Software Engineering can contribute across these five
areas.

2. ENERGY ASSESSMENT AND STANDARD-
IZATION

2These focus areas emerged through an iterative process: The par-
ticipants first contributed individual reflections using sticky notes,
which were grouped into preliminary clusters. These were refined
through rotating group discussions supported by anchors who
maintained continuity and captured insights. Then, the partici-
pants committed to a single area and co-developed draft texts. Af-
ter the workshop, the coordinators consolidated the material, re-
moved underdeveloped topics, and identified cross-cutting themes.
A draft report was shared with the participants and revised based
on their feedback.

Accurately assessing the energy consumption of Al-enabled sys-
tems is a foundational step toward understanding and improving
their environmental impact. However, the current landscape of
energy measurement and estimation is fragmented, with a lack of
or inconsistent tools, granularity levels, and reporting practices.
This section outlines the main challenges associated with measur-
ing energy usage in Al-enabled systems.

2.1 Bridging Granularity and Standardization in
Energy Metrics

Achieving high-level standards for collecting system-wide energy
footprint data requires a standardized approach similar to the
Intel’s Running Average Power Limit (RAPLH but one that ap-
plies uniformly across all computational devices. Standardization
efforts prioritize broad applicability across entire software systems
rather than precision at the component level. However, organiza-
tions require a more granular perspective on energy consumption
to support informed decision-making.

Establishing high-level standards would enable the collection of
consistent and comparable metrics across diverse computing en-
vironments. A holistic methodology should capture energy con-
sumption data at multiple granularities, from system-wide report-
ing to fine-grained scientific measurements, ensuring traceability
across levels. A standardized approach should facilitate compar-
ing different solutions, enabling consistent evaluation of their re-
source demands across computing devices. It should support pre-
cise measurements when needed, such as analyzing short-lived
executions.

These objectives align with ongoing research on energy consump-
tion in Al and Machine Learning (ML), as seen in studies such as
Green Al [40], Carbontracker [3], and research on estimating the
carbon footprint of large-scale AT models [25].

2.2 Methodological Consistency

Assessing energy consumption of an ML model is inherently chal-
lenging because a model’s behavior depends on multiple factors,
including architecture, platform, hyperparameters, quantization
level, task type, and input/output characteristics. Additionally,
ML models exhibit non-deterministic execution, making repro-
ducibility a significant challenge. Since testing every possible
combination of influencing variables is infeasible, identifying key
sources of variation is essential to obtain meaningful and trans-
ferable results.

Unlike program execution time, the energy consumption of ML
models is difficult to explain. Without robust methodologies, as-
sessments risk being inaccurate, inconsistent, or non-generalizable
across different contexts. Ensuring accuracy, reliability, and re-
producibility is crucial to making energy measurements reflect
real-world behavior as closely as possible.

Addressing this challenge requires balancing abstraction and pre-
cision — developing a methodology that is both widely applica-
ble and detailed enough to capture ML models’ energy behav-
ior accurately. This involves distinguishing between factors that
significantly impact energy consumption and those that can be
abstracted away without compromising assessment validity. For
instance, on the one hand, studies suggest that in code generation

3https://www.intel.com/content/www/
us/en/developer/articles/technical/
software-security-guidance/advisory-guidance/
running-average-power-limit-energy-reporting.html
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with large language models, output length influences energy con-
sumption more than input length [1]. On the other hand, in tasks
such as code completion, the large amount of context required to
generate small pieces of code may result in a shift in this balance.
Another promising approach is using mini-models as proxies for
larger models, leveraging evidence that smaller models with the
same architecture can effectively estimate the energy footprint of
their larger counterparts [34].

Due to the heterogeneity and continuous evolution of Al-enabled
systems, a single, rigid methodology for energy assessment is in-
adequate. The diversity of models, architectures, hardware, and
workloads prevents any universal approach from accurately cap-
turing energy consumption in all cases. Moreover, as Al technolo-
gies evolve, current methodologies may become obsolete. This
presents two key challenges: first, providing practitioners with re-
liable guidance in selecting appropriate energy assessment meth-
ods, and second, ensuring that methodologies remain adaptable
as Al-enabled systems continue to change.

To address these challenges, a flexible yet structured approach
is essential. Instead of enforcing a single assessment framework,
practitioners need adaptable guidelines that enable them to navi-
gate the trade-offs between different methodologies while ensuring
compliance with high-level energy assessment standards. One po-
tential solution is the creation of a publicly accessible repository
of energy assessment methodologies, detailing their assumptions,
scope, and typical use cases, similarly to a family of software pat-
terns [14]. This would assist practitioners in understanding the
available options and making informed decisions based on their
system’s characteristics and objectives. Additionally, establishing
clear selection criteria could provide a structured way to evalu-
ate methodologies, helping practitioners assess trade-offs between
factors such as hardware efficiency, hyperparameter tuning, and
overall system-wide energy consumption.

Another important consideration is the interoperability between
assessment methodologies. Many existing approaches focus on iso-
lated measurements, but there may be value in designing method-
ologies that can interface with one another, creating a more mod-
ular and adaptable assessment pipeline. This would facilitate
comparisons across models, architectures, and computing envi-
ronments, while also promoting a degree of standardization. Fur-
thermore, as Al-enabled systems continue to evolve, mechanisms
for methodology migration may become necessary to ensure as-
sessments remain relevant and comparable over time. Develop-
ing protocols for transitioning between methodologies could help
maintain continuity in energy assessments, even as best practices
evolve.

At a broader level, the concept of a meta-methodology —a frame-
work for guiding decision-making in energy assessment— could be
worth exploring. Previous work [17} |32 in the area of Software
Engineering has leveraged this approach to help identify energy
consumption hotspots in software systems. Rather than prescrib-
ing a single solution, a meta-methodology could help practitioners
structure their approach based on the priorities relevant to their
specific use case. For instance, it could offer guidance on whether
capturing the energy cost of hyperparameter tuning is more rel-
evant than measuring precise hardware consumption, depending
on the context. These ideas build on ongoing research into ML en-
ergy consumption. Existing studies have explored the energy costs
of deep learning frameworks [2| |20, [15], the impact of batching
strategies on inference efficiency [47], and the role of quantization
techniques in energy efficiency [|36|. By integrating insights from

this work into a more flexible and evolving framework, it may be
possible to develop energy assessment methodologies that remain
rigorous and adaptable as Al technologies continue to evolve.

2.3 Positioning Software Engineering

Software engineering advances energy assessment in Al by en-
abling system-level and multi-granular measurement approaches
that move beyond isolated model evaluation. We imagine that
it will provide generalised structured yet flexible methodologies —
meta-methodologies and adaptable guidelines—that support context-
sensitive assessments across heterogeneous platforms. Addition-
ally, Software Engineering approaches may contribute to the stan-
dardization and interoperability of tools and metrics, making en-
ergy measurements reproducible and comparable across systems
and over time.

3. EVALUATING AI FOR SUSTAINABILITY

Assessing the energy consumption of Al-enabled systems requires
benchmarking frameworks that incorporate both energy and car-
bon footprint metrics, alongside conventional measures such as
accuracy, latency, and throughput. The objective is to develop
methodologies that are widely adoptable and easily integrated
into real-world CI/AI pipelines while being either hardware-aware
or hardware-agnostic through normalization. These frameworks
should account for both training and inference energy consump-
tion, ensuring that energy assessments capture the full lifecycle of
an Al model.

The need for such benchmarks originates from several pressing
concerns. The environmental impact of Al is growing, with large-
scale models consuming substantial energy and raising sustain-
ability challenges (|48l |5]). All decision makers, such as develop-
ers, organizations, and policymakers, require reliable, meaningful,
and comparable energy metrics (e.g., Joules, COzeq.) to make in-
formed trade-offs between functional and extra-functional prop-
erties, such as accuracy, security, runtime, and energy cost. Addi-
tionally, potential regulatory requirements (e.g., the EU AI Act,
ESG, and CSRD) may mandate energy reporting for Al-enabled
systems. From an economic perspective, energy-efficient AT mod-
els offer business advantages, particularly in reducing operational
costs in data centres and edge deployments. As Al regulation and
standardization efforts evolve, energy measurement could become
a critical service for evaluating AI models.

3.1 Standardized Benchmarking for AI Sustain-
ability

A key step toward sustainable Al is the extension of existing
benchmarking frameworks to include standardized energy and
carbon metrics. Well-established benchmarking suites such as
MLPerf |38} 28] or Hugging Fac{l leaderboards provide a struc-
tured foundation for measuring model performance, but currently
with very limited standardized energy reporting. Extending these
benchmarks to incorporate energy consumption across different
layers of AI models, from individual operations to end-to-end
pipelines, would enable a more comprehensive assessment frame-
work.

Beyond energy measurement, integration with interdisciplinary
research and policy standards is critical for ensuring broad adop-
tion. Efforts such as the impact framework of the Green Software
Foundation (.imp files) provide potential pathways for aligning
AT benchmarking with emerging sustainability regulations. Addi-
tionally, defining a common ontology for Al energy benchmarking

“https://huggingface.co/
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would facilitate interoperability across research domains and en-
able collaboration between computer scientists, policymakers, and
industry stakeholders.

At the algorithmic level, energy-efficient neural architecture search
(NAS) methods such as EC-NAS [5] and CE-NAS [48] have demon-
strated the potential for optimizing architectures based on energy
and carbon considerations. Similarly, approaches like Once-for-
All (OFA) [9], which train a single network that can be specialized
for different latency and energy constraints, illustrate the feasibil-
ity of integrating energy-awareness into AI model development.

3.2 Multi-Dimensional Evaluation

To ensure a holistic assessment of Al sustainability, energy and
carbon footprint metrics must be evaluated alongside traditional
performance measures such as accuracy and latency. A multi-
dimensional evaluation framework would provide a clearer picture
of trade-offs between computational cost and model effectiveness.

A key aspect of this evaluation is the amortization of training
energy costs over inference usage. Training large Al models is
energy-intensive, but its impact on sustainability depends on how
frequently the model is used. By treating training energy as a
capital expense and distributing it across the total number of
expected inferences, researchers can compute an amortized energy
cost per inference, offering a more balanced sustainability metric.

Several existing frameworks already explore partial energy report-
ing. Hugging Face Model Cards sometimes include throughput or
energy-related metrics, but these are not consistently standard-
ized. Tools such as IrEne [10] and Smaragdine [4] provide entry
points for Al energy accounting, but there is a need for a more
structured methodology that aligns with AI benchmarking stan-
dards.

3.3 Hardware and Normalized Metrics

Ensuring that energy benchmarks are hardware-agnostic is essen-
tial for fair and meaningful comparisons across different AI models
and deployment environments [8]. However, hardware variations
significantly impact energy consumption, making it challenging to
compare models trained and deployed on different infrastructure.

One potential approach is to measure floating point operations
(FLOPs) and integrate them into energy-prediction models, allow-
ing researchers to estimate energy usage independently of specific
hardware configurations. However, it is known that all FLOPs
are not equal [24], and directly relying on FLOPs-driven energy
measurements could bias these metrics [19]. Additionally, defin-
ing a baseline hardware profile could facilitate normalized energy
reporting, ensuring that comparisons between models remain con-
sistent regardless of hardware disparities.

Beyond FLOPs, reporting on broader resource utilization metrics
(e.g., memory access patterns, I/O usage, and GPU/TPU power
draw) could provide a more complete picture of energy consump-
tion [3]. A standardized methodology for energy-aware reporting
across Al hardware platforms would help ensure that benchmarks
remain interpretable and broadly applicable.

Interdisciplinary collaborations between computer scientists, hard-
ware engineers, and regulatory bodies could further strengthen Al
benchmarking efforts by developing guidelines that integrate en-
vironmental sustainability concerns directly into Al deployment
practices [45].

3.4 Positioning Software Engineering

We imagine software engineering to advance Green Al by struc-
turing how sustainability is evaluated and reported. Establish-
ing and adopting standardized energy efficiency benchmarks may
guide developers in evaluating, comparing, and optimizing the
environmental impact of Al-enabled systems. This includes inte-
grating energy and carbon metrics into evaluation pipelines along-
side accuracy and latency, applying normalization techniques to
ensure fair cross-platform comparisons, and using lifecycle-aware
models—such as amortized training cost—to contextualize energy
consumption over time and usage scale.

4. SYSTEM ARCHITECTURE AND LIFECYCLE

For Al-enabled systems, sustainability-driven architecting should
integrate sustainability principles related to both lifecycle man-
agement (process) and architecture design (product). This means
that sustainability-driven design decisions and quality assessment
results should be considered throughout all phases of the lifecy-
cle of Al-enabled software systems. Typical software architecture
concepts [6] — such as architectural tactics, scenarios, patterns,
practices, indicators, metrics, and measures — should be traceable
to the corresponding Al-enabled architectural elements. Addi-
tionally, sustainability learning should provide guidance for dy-
namic adaptation in both MLOps and Al-enabled architectures.

4.1 Architecting for Sustainable Al

Current research on environmentally sustainable AI tends to em-
phasize improving the energy efficiency of individual models. How-
ever, Al-enabled systems often comprise multiple components —
both Al and non-Al ones — that interact in complex ways. A
narrow focus on isolated model performance may obscure the
broader architecture context that ultimately determines system-
wide sustainability [45]. Adopting a system-level perspective en-
ables sustainability considerations to be embedded throughout
the Al-enabled architecture, from early design and deployment to
runtime operation and long-term evolution.

From an architectural perspective, AI models function as special-
ized components that expose interfaces, interact with surrounding
services, and influence the system’s overall quality attributes [23].
Established software architecture practices — such as modular de-
sign, scenario-based evaluation, and trade-off analysis — can guide
the integration of Al components in ways that align with broader
sustainability goals. Rather than selecting the most powerful
model by default, architects should be able to consider which
model best satisfies the system’s architecturally significant re-
quirements [13], balancing accuracy, latency, and energy con-
sumption.

Several design strategies can support these goals [21]. For exam-
ple, selecting models that meet only the necessary performance
requirements avoids energy waste due to overprovisioning [43].
Implementing lightweight models on the client side, with fallback
to more complex models on the server, can improve efficiency in
distributed deployments [46]. Connector logic that dynamically
routes requests based on resource constraints can further enhance
adaptability [42, |31]. These decisions can be informed by pre-
dictive tools that estimate energy consumption at design time,
helping architects evaluate tradeoffs early in the process.

In distributed Al-enabled systems, executing model workloads
across edge, fog, and cloud layers enables more granular control
of resource allocation and energy use. Refactoring legacy archi-
tectures using energy-aware tactics, and documenting architec-
tural decisions alongside their energy implications, can strengthen



traceability and operational transparency. Together, these prac-
tices enable the development of Al-enabled systems that prioritize
sustainability without compromising performance, reliability, or
maintainability across their lifecycle.

4.2 Green Al at Runtime

While training large AI models is energy-intensive, inference can
account for a significant share of the system’s total energy con-
sumption, particularly when deployed at scale [27]. Addressing
sustainability at runtime is therefore critical, yet remains less ex-
plored than energy-aware training practices. Al-enabled systems
operate under diverse and often unpredictable runtime conditions,
including changes in data quality, model performance, business
needs, and infrastructure availability. These uncertainties impact
both energy efficiency and quality of service.

To manage this complexity, runtime strategies must balance adapt-
ability with sustainability. Enhancing observability — the ability
to monitor system behavior and internal states — supports energy-
aware decision-making by making deviations from expected per-
formance and consumption patterns visible. In uncertain environ-
ments, observability enables early detection of inefficiencies and
supports dynamic reconfiguration.

Self-adaptation mechanisms offer another path to improving run-
time sustainability. By adjusting system structure or behavior in
response to observed conditions, self-adaptive systems can opti-
mize trade-offs between energy use and other quality attributes.
Examples include dynamically selecting between models of vary-
ing complexity, reallocating workloads between edge and cloud
resources, or retraining models on lower-energy hardware. These
strategies are particularly valuable in MLOps pipelines, where
frequent model updates and changing deployment contexts can
otherwise lead to unnecessary energy costs.

Tools such as sustainability decision maps [22] can further sup-
port runtime reasoning by providing structured representations
of trade-offs and system goals. These maps help track alignment
between energy-related targets and system behavior over time,
enabling more informed and transparent decisions. Integrating
such tools into MLOps workflows can improve feedback loops and
support continuous energy optimization |7]. Runtime sustainabil-
ity requires more than localized model improvements —it calls for
infrastructure-aware, adaptive, and transparent system-level co-
ordination. Addressing energy use at this stage seems essential
to ensuring that the long-term operation of Al-enabled systems
remains aligned with sustainability goals.

4.3 Systemic Sustainability in MLOps Workflows

Sustainability efforts in Al development are often hindered by
limited collaboration and information sharing across roles in the
MLOps lifecycle. Although various metrics and logs are collected
throughout model training, deployment, and monitoring, these
data are rarely used holistically to inform sustainability-oriented
decisions. Decisions made in isolation — such as optimizing train-
ing energy while neglecting inference costs — can lead to counter-
productive outcomes when viewed from a system-wide perspec-
tive.

Improved traceability of energy-relevant decisions is essential to
enable meaningful collaboration. Sustainability-related architec-
tural elements — such as design patterns, quality attributes, and
runtime adaptations — should be linked to observable data across
the MLOps stack. Mechanisms for communication and alignment
—such as APIs that surface sustainability metrics between pipeline

components — can support consistent decision-making and make
trade-offs across lifecycle phases more transparent.

A central challenge, however, is the lack of clearly defined respon-
sibilities for sustainability. It is often unclear whether account-
ability lies with infrastructure providers, system architects, Al
developers, or software engineers. This ambiguity prevents co-
ordinated efforts to assess and improve sustainability across the
full pipeline. Clarifying roles and responsibilities is a prerequisite
for embedding sustainability into each stage of the development
process.

Distinguishing between Green Al and Green SE may further sup-
port collaboration. While Green AI focuses on improving the
energy efficiency of AI models themselves, Green SE emphasizes
the sustainability of the full system in which those models are
embedded. Clarifying this distinction can help assign account-
ability more effectively and ensure that sustainability is treated
as a system-wide concern rather than the isolated optimization of
a single model.

4.4 Positioning Software Engineering

We imagine software engineering to advance Green Al by treating
AT as a software system component. By considering environmen-
tal sustainability across the entire life cycle including design and

runtime, we adopt a holistic view on the sustainability impact of
AL

Software engineering approaches include modular design, com-
ponent wise traceability, and runtime adaptability, which enable
dynamic optimization of energy use across deployment contexts
and division of responsibility.

S. EMPIRICAL EVALUATION

Research activity in Green Al is expanding rapidly, requiring a
growing commitment to evidence-based approaches for enhancing
the sustainability of Al-enabled systems. Empirical studies are
increasingly used to investigate the environmental impacts of Al
development and deployment [15] |47} [25] 127} 137} [35] |16| 26] and
to evaluate the level of improvement regarding sustainability of
developed solutions achieved through newly proposed methods.

This growing body of empirical work has the potential to con-
tribute to a shared knowledge base, enabling stakeholders to move

beyond anecdotal evidence and toward informed, data-driven decision-

making. Aligning methods and reporting practices allows better
comparability between studies and facilitates the identification of
robust patterns and best practices.

5.1 Actionable Body of Knowledge

Although empirical methods are becoming central to Green Al
research, the results remain difficult to compare or generalize.
This is largely due to methodological inconsistencies, varied study
designs, and context-specific reporting. While methods such as
controlled experiments and case studies are available, they are
applied unevenly, limiting the ability to synthesize findings across
studies. This has led to a body of evidence that is difficult to
accumulate or systematically synthesize.

A long-term vision for the field is to establish a coherent and evolv-
ing body of knowledge that allows stakeholders to make evidence-
based decisions about sustainability practices in Al development
and deployment. Such a shared foundation would enhance the
comparability and generalizability of results and support the cre-
ation of benchmarks, inform regulatory efforts, and accelerate the



transfer of knowledge from research to practice.

Realizing this vision requires coordinated efforts across the re-
search community to align with empirical standards, promote
replication, and foster shared methodological frameworks. With-
out such alignment, the field risks fragmentation and limited im-
pact. As Hart and Baehr 18] argue, a sustainable body of knowl-
edge in technical domains relies on both taxonomic structures
and community engagement. The empirical Green Al community
must thus evolve a structured landscape of open questions, repli-
cated evidence, and reliable methodologies that can guide both
researchers and practitioners.

5.2 Standardized and Reliable Metrics

Sustainability assessments in software systems often rely on met-
rics that are inconsistently defined and unevenly applied, even
when targeting comparable phenomena such as energy use or ex-
ecution time. These inconsistencies emerge from a range of fac-
tors, including variation in hardware configurations, abstraction
levels, and data collection tools [47, [15]. Consequently, findings
from different studies often resist meaningful comparison.

Such inconsistencies highlight a broader challenge: the lack of
standardized and reliable metrics, which continues to obstruct ef-
forts toward cumulative progress in Green Al research (3] |25].
Metrics used in this field span various abstraction levels, from
low-level physical measures such as energy per instruction, to
high-level proxies such as runtime or task throughput, and to
more integrative compositions like sustainability scores |41} |11]
that, for instance, incorporate accuracy and explainability [36].
However, without consensus on their definitions, reliability, and
the appropriate contexts for use, these metrics yield incompati-
ble results that hinder replication and meta-analysis. Addressing
this challenge would not only allow for systematic comparison be-
tween studies but would also provide a foundation for evidence-
based guidelines and policy recommendations. It would support
the identification of effective green practices and enable trans-
parent and consistent reporting across academic and industrial
settings [27].

One possible direction is to develop a taxonomy of metrics that
distinguishes between direct, proxy, and composite types. This
taxonomy would ideally be supported by an articulation of each
metric’s assumptions, limitations, and the contexts in which they
are most appropriate. Among composite metrics, a further dis-
tinction may be drawn between multi-dimensional and composi-
tional approaches: while the former preserve trade-offs by report-
ing multiple values along separate axes (e.g., energy, latency, ac-
curacy), the latter collapse these into a single score to support op-
timization or policy-facing decision-making. As understanding in
the field evolves, so too might the criteria for empirical validation.
There may also be value in exploring how standardized protocols
for measurement can be developed and adapted over time — par-
ticularly in methods such as case studies or surveys, where such
practices are not yet established. Crucially, the standardization
of metrics must be balanced with openness to innovation. New
metrics may emerge in response to evolving technologies or new
sustainability concerns. To manage this balance, a community-
driven oversight mechanism — perhaps in the form of a metrics
committee — could evaluate, endorse, and curate both existing
and emerging measurement practices.

Lessons can be taken from the empirical software engineering com-
munity [44]. Further insights might be drawn from search-based
software engineering research, where trade-off measurements and

analysis have been well studied [39], as well as from health re-
search, where standardized data collection and reporting protocols
have long provided a foundation for reproducibility and compa-
rability [18].

5.3 Positioning Software Engineering

We imagine software engineering to enhance Green Al by con-
tributing empirical evaluation practices that enable trustworthy
and generalizable sustainability claims. Drawing from empirical
software engineering, we may adopt principles of methodological
rigor, reproducibility, and structured comparison to support the
development of a coherent evidence base. Software Engineering
may also guide the creation of standardized metric taxonomies
—distinguishing between direct, proxy, and composite measures—
and alignment of data protocols across tools and hardware. We
envision that empirical research within Green Al and Green Soft-
ware Engineering will continue to cross-fertilize, strengthening
both fields.

6. EDUCATION AND AWARENESS

Education and awareness play a crucial role in fostering sustain-
able Al practices. However, several challenges need to be ad-
dressed in order to effectively integrate Green Al principles into
curricula and industry training programs. Below, we highlight key
challenges and considerations grouped by stage in the educational
process.

Embedding sustainability into SE and AI education requires co-
ordinated attention across several layers of the educational pro-
cess [33} [30]. At the curriculum level, integrating sustainabil-
ity meaningfully requires institutional commitment and long-term
thinking. While sustainability is inherently a long-term concern,
academic structures often prioritize short-term outcomes. Institu-
tions can leverage Intended Learning Outcomes (ILOs) to system-
atically integrate sustainability into educational goals, but must
also be mindful of avoiding superficial virtue signalling. Grad-
ual introduction of sustainability topics into existing, mandatory
courses can increase reach beyond the self-selecting students typ-
ically drawn to electives.

Designing and implementing effective courses on sustainability-
aware SE and Al poses practical barriers. Many Green Al courses
rely on a wide array of prerequisites, spanning hardware, software,
and systems-level topics. Hands-on activities are constrained by
the need for specialized tools and equipment, and the lack of
mature, accessible benchmarking frameworks. Furthermore, con-
necting energy consumption with more intuitive performance mea-
sures like time can be non-trivial. The design of assignments must
also reflect the complexity of moving from energy assessment to
actionable improvements, given the many interacting variables
at play. To support effective learning, example systems used in
teaching should be neither trivial nor overwhelming—ideally open-
source and industry-relevant.

Students must navigate a high cognitive load when learning to de-
velop sustainable software. The architectural concepts involved—
such as patterns, tactics, styles, quality attributes, and trade-
offs— require deep understanding and differentiation. Thinking in
terms of lifecycle sustainability adds further complexity, requir-
ing students to reason across temporal and system boundaries. In
addition, motivating students to value sustainability as a critical,
multidimensional quality attribute is a challenge, particularly in
industrial contexts where it is often not prioritized.

To assess the impact of sustainability teaching, educators must



draw on robust pedagogical methods. Concepts like the Jevons
Paradox, which highlights the counterintuitive effects of improved
efficiency on total consumption, can be used to encourage critical
thinking. Empirical evaluation approaches, such as A/B testing
of teaching interventions, can help demonstrate effectiveness and
inform iteration. Tying these evaluation methods to the intended
learning outcomes supports the alignment between teaching goals
and assessment practice.

These educational efforts are further complicated by the immatu-
rity of the research field itself. In domains like Green AI, much
of the work is mainly experimental and rapidly evolving. This
makes it difficult to develop stable and reusable teaching pack-
ages. Moreover, translating low-level energy measurements into
metrics that are meaningful for both technical and non-technical
audiences remains an open challenge, requiring ongoing engage-
ment from both educators and researchers.

6.1 Aligning Software Engineering and Al

We imagine that software engineering and AI education can both
benefit from each other in our efforts to promote sustainability.
While sustainability is not yet a core element in either field, SE’s
system-level thinking and AI’s data-centric methods offer comple-
mentary strengths. By learning from each discipline’s approaches,
we may grow educational practices that embed environmental
awareness more deeply. We envision this exchange as a path to-
ward a shared sustainability culture that strengthens both disci-
plines.

7. CROSS-CUTTING REFLECTIONS

Building on the synthesis provided in the discussion, this section
identifies recurring themes that emerged across the workshop’s
diverse focus areas. These themes—standardization, metrics, and
holistic and longitudinal thinking— cut across the topical bound-
aries of energy assessment, sustainability evaluation, architecture,
empirical methodology, and education. They represent significant
concerns for the development of environmentally sustainable Al

Standardization was repeatedly highlighted as a fundamental need
in measurement practices, benchmarking efforts, and empirical re-
porting. Discrepancies in the way energy or efficiency is defined
(for example, joules, runtime, or CO2) currently hinder compa-
rability and prevent coordination between research, industry, and
policy stakeholders. In the context of benchmarking frameworks,
the lack of standardized reporting of energy and carbon consump-
tion remains a major limitation (Sect. . Similarly, proposals
for normalized reporting across heterogeneous hardware platforms
point to the necessity of standardization for interpretability and
fairness (Sect. [3.3). The development of a taxonomy of met-
rics, protocols for their application, and oversight mechanisms is
central to advancing shared practices (Sect. [5.2)).

Metrics themselves constitute both a technical and conceptual
challenge. As highlighted in the discussion on hardware-normalized
metrics (Sect. and architectural decision-making (Sect. ,
sustainability cannot be captured by a single scalar value. Multi-
dimensional trade-offs, between accuracy, energy, latency, and
explainability, require carefully chosen metrics. These must be
context-sensitive yet comparable across cases. Empirical work
has begun to surface classifications of direct, proxy, and compos-
ite metrics, but their assumptions and limitations remain under
articulated (Sect. [5.2).Developing metrics that are both robust
and adaptable is essential for meaningful evaluation and progress.

Holistic and longitudinal thinking emerged as a critical counterbal-

ance to narrow or isolated optimization efforts. Lifecycle sustain-
ability —spanning design, training, deployment, and operation—
was emphasized in architecture discussions (Sect. [4]) and sustain-
ability evaluation frameworks (Sect. [3.2]). However, workshop
contributions also pointed to the importance of longer-term ef-
fects: how current benchmarking norms or energy optimizations
may influence future systems and behaviors. The underutiliza-
tion of longitudinal studies in empirical work and the potential for
counterproductive outcomes such as the Jevons paradox (Sect. @)
underscore the need to assess not only a system’s immediate foot-
print but its place within a larger temporal trajectory [45]|. In-
corporating this perspective is particularly relevant for decision-
making in MLOps contexts, where short-term gains may obscure
longer-term sustainability costs (Sect. .

Together, these themes suggest that advancing sustainable Al
through software engineering requires more than isolated techni-
cal solutions. It demands a coordinated effort to establish shared
foundations, articulate meaningful metrics, and reason across both
system and temporal boundaries.

8. CONCLUSION

This article presented a synthesis of discussions from the “Green-
ing Al with Software Engineering” workshop, which brought to-
gether researchers and practitioners to explore the environmental
sustainability of AI through a software-centric lens. Rather than
prescribing a single approach or framework, the contributions re-
flect a shared recognition that addressing AI’s environmental im-
pact requires attention to multiple, interconnected dimensions.

The report is structured around five key areas: energy assessment
and standardization, evaluation and benchmarking, architecture
and lifecycle design, empirical methods and reproducibility, and
education and awareness. Although each area raises distinct chal-
lenges, the discussions also revealed three cross-cutting themes—
standardization, metrics, and holistic system thinking—that con-
nect these areas and shape a broader research agenda.

What emerged is not a finished blueprint, but a conceptual re-
search agenda: a set of aligned concerns, unresolved tensions, and
promising directions. Moving forward, the research community is
invited to build on these directions by developing shared bench-
marks, improving observability and traceability, refining architec-
tural practices, and embedding sustainability into both empiri-
cal studies and software engineering education. Addressing these
challenges will require not only technical innovation, but also col-
laboration, openness, and long-term commitment from academia
and industry. By articulating these challenges and points of con-
vergence, this article contributes to an evolving foundation for
the development of environmentally sustainable Al with software
engineering.
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