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1 Introduction

Increased energy, water, and material resource use are some of the environmental costs associated with the fast growth
in generative Al and machine learning. Even while most people now agree that these effects exist, the majority of
mitigation initiatives still concentrate on technological improvements to hardware and software. This framing is
insufficient according to recent demands in HCI, and addressing AI's environmental effect asks for socio-technical ap-
proaches that include developers, academics, and impacted communities in addition to solutionist narratives. Especially,
everyday development decisions, such as model selection for a particular use case, have a substantial impact on AI’s
environmental footprint. Developers frequently pick between systems with significantly different energy consumption,
carbon emissions, and resource needs, but sustainability is rarely a key consideration in these decisions. This is more
than just a missing metrics issue from an HCI standpoint. Interfaces, defaults, heuristics, organizational guidelines,
and views of cutting-edge practice all influence decisions. Therefore, it is important to consider both the technical and
social circumstances in which model selection occurs in order to support environmentally responsible Al

We argue that HCI can contribute to sustainable Al by reshaping these decision environments. Rather than optimizing
models directly, my work focuses on how HCI can support developers in exploring alternatives, interpreting trade-
offs, and reflecting on environmental impacts through comparative and context-aware representations. To showcase
potential directions, we outline some empirical studies and design explorations examining ML workflows, sustainability

awareness, comparative eco-feedback for model trade-off representations.
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2 Eya Ben chaaben and Janin Koch

2 Related Work

Model selection is a complex, multi-dimensional challenge that requires balancing technical performance, developer
constraints, and increasingly, sustainability considerations [2]. While automated machine learning (AutoML) and
interactive interfaces have improved accessibility and efficiency, they often overlook nuanced practitioner needs such as
interpretability, computational resource limits, and environmental impact. Much work on sustainable and responsible
ML has focused on efficiency and measurement, including quantifying the energy cost of large models [18], proposing
Green Al principles [16], developing sustainability indicators for early-stage evaluation [15], and exploring transfer
learning approaches [23]. Tools such as CodeCarbon [7], Tracarbon [20], and Green Algorithms [10] help estimate
energy use and carbon emissions, while interactive frameworks like Symphony support practitioners in identifying
issues in ML workflows [1].

However, despite progress in efficiency and transparency, current approaches provide limited guidance for selecting
less resource-intensive alternatives during development, reinforcing a dominant “bigger is better” culture in AI [21].
Industrial systems such as Facebook’s FBLearner [6] and Google’s TFX [11] support scalable ML pipelines, but largely
prioritize performance and deployment. In contrast, HCI research increasingly calls for sufficiency, emphasizing
whether a model is appropriate and necessary for a given task rather than simply more powerful [8, 19]. Together, these
perspectives highlight the need for rethinking tools and practices that not only optimize models or expose impacts, but
also help practitioners identify relevant alternatives.

Model selection is also shaped by practical constraints and developer practices. Developers typically prioritize
accuracy and loss [9, 14, 26], yet feasibility depends on hardware availability, preferred frameworks, runtime limits,
explainability requirements, legal compliance, and trust considerations [5, 12, 13, 17, 22, 25]. Poor model choices can
lead to wasteful training and long-term maintenance challenges [4, 24], while data quality remains a limiting factor
regardless of architecture [24]. At the same time, the rapid growth of model repositories (Hugging Face alone hosts
over 1.7 million models) creates an overwhelming landscape of alternatives [3]. To support navigation of this space,
researchers have started developing interactive systems to demonstrate how interface design can lower barriers to ML
use and help users articulate requirements, yet they remain largely focused on performance-oriented trade-offs. Factors
such as necessary model size, energy use, long-term computational cost, and environmental impact are rarely integrated
into actionable recommendations, leaving practitioners without adequate support for incorporating sustainability into

model selection decisions.

3 Understanding ML Workflows and Sustainability Awareness

ML model selection is not a purely technical optimization process, but a situated practice shaped by developers’
familiarity, available tools, organizational pressures, and incomplete information about sustainability impacts. Through
interviews with 13 ML developers [2], you find that participants primarily select models based on accuracy, inter-
pretability, and prior experience, often defaulting to large or familiar architectures while rarely evaluating energy or
infrastructure impacts. Sustainability awareness exists, especially among senior practitioners, but it seldom translates
into everyday practice; younger developers in particular reported little exposure to sustainability during their education.
Model choices are influenced by accessible literature, model repositories, AutoML systems, and increasingly LLMs,
reinforcing a trend toward complex multi-purpose models even when simpler alternatives might suffice. Developers

also face fragmented guidance: performance benchmarks are available, but sustainability data are largely missing or
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Sustainable Model Selection Is a Design Problem 3

inconsistent, making it difficult to reason about trade-offs. As a result, model selection is driven more by availability
and perceived norms than by structured reflection on task requirements or long-term environmental consequences.
Importantly, our work highlighted that sustainability emerges as a socio-technical issue spanning education, tooling,
organizational expectations, and broader cultural narratives about Al Participants described tensions between per-
formance, interpretability, and sustainability, with accuracy typically prioritized unless environmental costs could be
shown not to affect outcomes. Few considered social or economic sustainability, focusing mainly on energy consumption,
and even this was hard to assess due to hidden infrastructure impacts such as GPU production, water use, and data
center operations. We argue that addressing these challenges requires more than better metrics: it calls for changes in
ML education to support critical reflection on model choice, standardized reporting of model consumption, and HCI-led
tools that help developers explore alternatives and understand trade-offs in context. Our implications emphasize that
sustainable ML depends on collective practices, including shared benchmarks, transparency, and organizational support,
rather than individual goodwill alone. By positioning model selection as a key intervention point, our work reframes
sustainability as embedded in everyday development workflows, and calls on both ML and HCI communities to redesign
socio-technical systems so that choosing smaller, more appropriate models becomes visible, supported, and legitimate

in practice

3.1 Supporting Sustainable Model Exploration

Building on our earlier findings that ML model selection is shaped by familiarity, performance norms, and limited
visibility into sustainability impacts, we frame sustainable model exploration as a socio-technical design challenge
rather than a purely technical optimization problem. Our recent work explores interactive model selection interfaces
designed to help developers articulate project goals and constraints in order to surface model alternatives that are both
suitable and more sustainable. Rather than ranking models primarily by popularity or benchmark performance, the
system integrates task guidance, hardware constraints, and estimated energy consumption directly into the selection
process. This approach reflects the observation that developers rarely exclude sustainability intentionally; instead,
it remains structurally underrepresented in existing tools, which prioritize accuracy and familiarity while leaving
environmental considerations implicit.

Findings from the first comparative studies with professional ML developers show that guided exploration can
support three interrelated processes: expanding awareness of novel and task-appropriate models, building trust in
recommendations through transparency and project alignment, and prompting reflection on practitioners’ roles in
sustainability. We saw that surfacing energy implications encouraged practitioners to reflect on their own responsibility
in model choice, highlighting that sustainability is not only a matter of tooling but also of professional practice. These
early results position sustainable model exploration as a design space that can be explored by the HCI community for

more actively supporting responsible AL

3.2 Comparative Eco-Feedback for ML Developers

Eco-feedback has traditionally focused on presenting users with information about their own environmental impact,
such as energy consumption or carbon emissions, often through dashboards or single-option indicators. While such
feedback can raise awareness, prior work shows that information alone rarely leads to sustained behavioral change.
Looking at supporting decision support for ML developers highlighted that a critical moment instead lies in how people
weigh alternatives. By reviewing a large corpus of academic and industrial tools, we found that most eco-feedback

systems emphasize isolated numerical metrics, with limited support for comparing options or situating actions within
Manuscript submitted to ACM
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4 Eya Ben chaaben and Janin Koch

broader contexts. Comparative eco-feedback reframes sustainability as a decision-making process: designs explicitly
contrast alternatives (e.g., routes, products, devices) or benchmark behavior against references such as past performance
or peers. These comparisons make trade-offs tangible and can activate social and motivational mechanisms, yet current
practice remains fragmented and dominated by quantitative displays.

Translating these insights to ML development suggests that sustainability support should move beyond reporting
energy metrics toward comparative design interventions embedded in model selection workflows. Previous studies show
that developers already reason in terms of trade-offs, e.g. between accuracy, interpretability, feasibility, yet sustainability
is rarely integrated into these comparisons [2]. Exploring more comparative eco-feedback offers a way to surface
environmental impact alongside performance, enabling practitioners to evaluate alternative models in relation to task
requirements, infrastructure limits, and long-term costs. Rather than prescribing smaller models, this approach frames
sustainability as an explicit dimension of everyday technical decision-making. Combined with guided exploration and
task-aware recommendations, comparative eco-feedback is another promising way to support developers in moving

beyond familiar or popular architectures and toward context-appropriate alternatives.

4  Future Directions

Looking ahead, HCI has a critical role to play in integrating sustainability into ML development workflows. Rather than
presenting isolated metrics, we should drive to design tools that support meaningful comparison across performance,
resource use, and environmental impact. Making impacts visible during model selection encourages reflection and
facilitates the exploration of more efficient alternatives, transforming sustainability from an abstract concern to a
practical design consideration.

Equally important is to broaden this support beyond individual developers to collective practices. Shared baselines,
historical project comparisons, and team-level indicators can help organizations identify patterns of compute usage
and incremental improvement over time. Comparative eco-feedback can also help teams align technical decisions with
larger environmental goals, resulting in a better understanding and accountability. Ultimately, we argue for treating ML
model selection as a socio-technical activity shaped by tools, norms, and values. HCI research is well-positioned to
create interfaces that highlight trade-offs, support learning over time, and foster cultures of responsible Al development,

transforming sustainability from a supplementary constraint to a core component of everyday ML practice.
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