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Abstract: As workloads in artificial intelligence keep
growing in scale, there is an increase in the demand for
electricity in data centers and cloud infrastructure, together
with higher emissions of carbon and water consumption.
Several recent studies, including those by the International
Energy Agency and MIT, have concluded that Al demand for
electricity may grow substantially through 2030 and beyond,
with implications for energy infrastructure and corporate
sustainability planning. Most existing work on this problem
addresses it from a hardware, model-efficiency, or policy
perspective; comparatively less attention has been paid to the
day-to-day operational decisions made by cloud,
infrastructure, and reliability teams. This paper is a conceptual
and practitioner-informed perspective contribution that
synthesizes institutional research, peer-reviewed literature on
carbon-aware and energy-proportional computing, and
operational experience in enterprise cloud operations into a
five-lever operational framework: workload placement,
power- and carbon-aware scheduling, architectural right-
sizing, incident and capacity management, and cross-
functional governance. The paper positions this framework
relative to existing carbon-aware computing research and
industry standards such as the Green Software Foundation's
Software Carbon Intensity (SCI) specification, illustrates its
application through a hypothetical operational scenario, and
identifies the empirical work required to validate and extend
it.

Index Terms—Al infrastructure, carbon-aware scheduling,
cloud operations, data centers, energy efficiency, energy-
proportional computing, operational framework, sustainability.

l. INTRODUCTION

Artificial intelligence is often discussed in terms of
models, data, and applications. Yet as Al adoption
accelerates, another challenge is becoming increasingly
difficult to overlook: the physical infrastructure required to
operate these systems at scale. Reports and reviews from the

International Energy Agency, MIT, and other researchers
suggest that Al is becoming a major contributor to new data
center electricity demand, with corresponding effects on
carbon emissions, water use, and local infrastructure planning
[1], [2]. Public discussion often centers on chip supply and
model performance, but an equally important operational
question remains: how can enterprises scale Al without
treating energy, carbon, and power constraints as secondary
concerns?

This study argues that part of the answer lies in
operational strategy. The environmental footprint of Al is
shaped not only by model design or semiconductor efficiency,
but also by everyday decisions about where workloads run,
how capacity is allocated, how incidents are handled, how
aggressively architectures are scaled, and how operational
teams balance reliability with efficiency. For organizations
running Al in cloud and hybrid environments, support and
infrastructure leaders therefore play a more significant role in
sustainability than is often recognized.

This paper is best understood as a conceptual, practitioner-
informed perspective article rather than an empirical study. It
does not report new experiments, datasets, or field
measurements; instead, it synthesizes institutional reports,
peer-reviewed research on carbon-aware and energy-
proportional computing, and operational experience in
enterprise cloud support and infrastructure functions into a
structured framework, and it identifies the empirical questions
that follow from that framework. The paper's scope and
methodological basis are described in Section V. Specifically,
the paper addresses three questions: (1) which operational
decisions, distinct from hardware and model-architecture
choices, most directly shape the energy and carbon footprint
of Al-enabled cloud infrastructure; (2) how these decisions
can be organized into a coherent, actionable framework for
cloud operations and infrastructure leadership; and (3) what
evidence and future research would be needed to validate and
guantify the framework's impact.



Il. THE INFRASTRUCTURE CHALLENGE BEHIND Al
GROWTH

The growth of Al workloads is increasing pressure on data
centers in several ways. First, training and inference
workloads require substantial amounts of electricity,
particularly when they are scaled across modern accelerators
and always-on services. Second, data centers depend not only
on electricity but also on cooling, land, and, in many cases,
water, which makes their environmental footprint more
complex than a simple measure of power consumption; recent
peer-reviewed analysis estimates that training a single large
language model can consume several million liters of water at
the data-center level, with the exact figure depending heavily
on location and cooling design [10]. Third, demand for Al
interacts with broader business pressure to move quickly,
often rewarding overprovisioning and architectural excess
instead of disciplined efficiency.

Recent public analyses illustrate the scale of this
challenge. Reviews of data center demand project sharp
growth in electricity use through 2030, driven in large part by
Al [1], [2]. At the same time, researchers have called for
greater transparency around the carbon and water footprints of
data centers, noting that environmental impact varies
significantly by location, cooling method, and grid mix. Peer-
reviewed measurement of large-model training runs supports
this observation directly: the choice of data-center location
and time-of-day for a given training run can change its
associated carbon footprint by an order of magnitude [7]. MIT
analyses have also emphasized that the solution is not to slow
Al adoption, but to make better operational and architectural
decisions about how Al systems are deployed [3], [4].

For enterprise leaders, this challenge is practical rather
than abstract. Al infrastructure is increasingly becoming a
cost, reliability, and governance issue at the same time. If
workloads are deployed without strong operational discipline,
organizations may increase energy demand, expand carbon
exposure, and still fall short of the intended business value.

I11. RELATED WORK AND POSITIONING

A substantial body of research already addresses Al's
environmental footprint, though most of it approaches the
problem from angles other than day-to-day cloud operations.
This section situates the present framework within that
literature and clarifies what is, and is not, novel about the
contribution.

Foundational work on energy-proportional computing
established that servers running at low utilization consume a
disproportionate share of their peak power, and argued that
hardware and systems should be designed so that power draw
scales with load [5]. That insight underlies the right-sizing
lever discussed in Section VI.C: much of the waste addressed
by right-sizing is a direct consequence of the utilization
inefficiencies this literature first quantified. Related systems
research on virtual-machine consolidation and energy-aware
resource allocation showed that dynamic placement and
consolidation heuristics can materially reduce data-center

energy consumption without violating service-level objectives
[6]; this work informs both the right-sizing and
incident/capacity-management levers.

A second strand of research addresses carbon-aware
scheduling directly. Academic work on temporal workload
shifting has quantified how much delay-tolerant cloud
workload can be moved into lower-carbon-intensity periods
across several national grids, and under what conditions such
shifting is and is not effective [9]. At hyperscale, Google's
production carbon-intelligent compute system demonstrates
that shifting flexible workloads in time and location can
reduce operational carbon intensity while meeting
infrastructure and cost constraints [8]. These works provide
the empirical and algorithmic foundation for the scheduling
and placement levers in Section VI; the present paper does not
propose a new scheduling algorithm but draws on this
literature to argue that such capabilities should be adopted
more broadly by enterprise cloud operations teams, not only
by hyperscalers with dedicated research groups.

A third relevant strand is the emergence of standardized
carbon-accounting methods for software, most notably the
Green Software Foundation's Software Carbon Intensity (SCI)
specification, now published as ISO/IEC 21031:2024 [11].
SCI provides a measurement methodology that the
governance lever in Section VI.E presumes but does not itself
specify; this paper treats SCI, and metrics like it, as the
measurement layer that enterprise governance structures
should adopt rather than reinvent.

Positioned against this literature, the contribution of the
present paper is not a new algorithm, metric, or measurement,
all of which already exist in some form in [5], [6], [8], [9],
and [11]. The contribution is the synthesis and translation of
these largely separate research strands, together with
institutional demand  projections [1]-[4] and the
environmental costs documented in [7] and [10], into a single
operational framework aimed explicitly at an audience the
algorithmic and measurement literature does not directly
address: cloud support, site-reliability, and infrastructure
leadership functions who do not typically think of themselves
as sustainability stakeholders. The framework also extends
beyond placement, scheduling, and right-sizing, which are
reasonably well covered in prior work, to incident and
capacity management and cross-functional governance, which
the literature reviewed above does not treat as sustainability
levers in their own right.

V. WHY OPERATIONS MATTER MORE THAN THEY SEEM

Conversations about the environmental impact of Al often
focus on hardware efficiency, model optimization, and
national energy policy. These issues matter, but they can
obscure the fact that many of the most immediate and
controllable levers sit within day-to-day operations.

Operational decisions shape where workloads are placed,
how much idle capacity is maintained, whether systems are
overbuilt for peak demand, and how quickly inefficient
behaviors are identified and corrected. Support and



infrastructure teams are often closest to these trade-offs. They
manage utilization, monitor anomalies, investigate
performance degradation, coordinate incidents, and evaluate
whether systems are operating in line with their design
assumptions.

This is why cloud and support leadership should be part of
the conversation on sustainable Al infrastructure. Teams that
work closest to capacity planning, performance issues,
customer impact, and architecture optimization often have the
clearest view of how waste accumulates. In many cases,
reducing environmental impact is not separate from
improving operations; it is a direct result of eliminating
unnecessary computation, latency, transfers, and complexity.

V. METHODOLOGY AND SCOPE

This paper is a conceptual framework paper rather than an
empirical study, and this section makes that positioning
explicit, as recommended by reviewers of an earlier draft.

The framework was developed through a synthesis of
three sources. First, institutional reports from the International
Energy Agency and MIT were used to establish the scale and
trajectory of Al-related electricity, carbon, and water demand
[1]-[4]. Second, peer-reviewed literature on energy-
proportional computing, carbon-aware scheduling, resource
allocation and consolidation, and the environmental footprint
of large models was used to identify mechanisms with
documented effects on energy and carbon outcomes [5]-[10].
Third, the authors' professional operational experience in
enterprise cloud support and infrastructure roles was used to
translate these mechanisms into decisions that are actually
made, and by whom, within cloud operations, site-reliability,
and infrastructure organizations.

The five levers in Section VI were derived by cross-
referencing the operational failure modes and mitigations
described in the sources above against the standard functional
areas of enterprise cloud operations (capacity planning,
scheduling and orchestration, architecture review, incident
and performance management, and governance), and
consolidating overlapping mechanisms into five non-
overlapping categories. This derivation process was iterative
and expert-informed rather than a formal systematic literature
review, structured expert elicitation, or case-study protocol;
no independent empirical validation of the framework was
conducted for this paper. This limitation, and its implications
for how the framework should be used, is discussed further in
Section IX.

The framework's intended scope is enterprise and
hyperscale cloud-hosted Al workloads, specifically training,
fine-tuning, batch inference, and online inference operated on
public or hybrid cloud infrastructure. It is less directly
applicable to small-scale, single-tenant, or fully on-premises
deployments, where the operational levers and their owners
may differ substantially, and it does not address chip-level
design or model-architecture efficiency, which are covered
extensively elsewhere in the literature cited above.

V1. AN OPERATIONAL FRAMEWORK FOR Al-EFFICIENT
CLOUD INFRASTRUCTURE

A practical approach to reducing the energy and carbon
footprint of Al infrastructure can be organized around five
operational levers, summarized in Table | and described
below.

A. Workload Placement and Regional Awareness

The first lever is workload placement. Not all regions, data
centers, or cloud environments have the same energy and
carbon profiles. Differences in grid mix, cooling
requirements, local climate, and infrastructure design can
materially affect the environmental cost of running the same
Al workload. Organizations should therefore evaluate Al
placement not only in terms of latency and price, but also in
terms of power and carbon intensity, where business
requirements allow.

This does not mean that every workload should be moved
to the lowest-carbon region. Mission-critical and latency-
sensitive applications often require geographic proximity,
redundancy, and compliance with specific siting
requirements. However, for non-urgent model training, batch
inference, retraining cycles, or analytics tasks, organizations
can make more informed placement decisions that reduce
environmental impact without compromising customer
outcomes.

B. Power-Aware and Carbon-Aware Scheduling

The second lever is scheduling. Many Al workloads do
not need to run immediately. Training jobs, fine-tuning, large-
scale experiments, and some batch inference tasks can often
be shifted over time. As data center and grid conditions
change, this creates an opportunity for power-aware or
carbon-aware scheduling.

The principle is straightforward: when workloads are
flexible, they should run at times and in locations where
energy is cleaner, less constrained, or less costly. Peer-
reviewed research on temporal workload shifting and
hyperscale production systems has shown that flexible data
center operations can reduce costs and, under the right
conditions, environmental burdens [8], [9]. For enterprises,
this requires more advanced scheduling logic, better visibility
into data center conditions, and governance mechanisms that
distinguish genuinely urgent work from routine habits of
urgency.

C. Right-Sized Architectures

The third lever is architectural right-sizing. One of the
easiest ways to waste energy in Al systems is to deploy more
model and infrastructure capacity than a use case actually
requires. Organizations often default to larger models, more
persistent compute, and more aggressive redundancy because
they are optimizing for speed of rollout or internal prestige
rather than fit-for-purpose design, a pattern consistent with
the utilization inefficiencies documented in the energy-
proportional computing and resource-allocation literature [5],

[6].



Operational leaders can counter this tendency by insisting
on appropriately sized architectures. Not every workflow
requires the largest model. Not every inference path demands
real-time latency. Not every service needs to remain
permanently provisioned at peak capacity. In many cases,
hybrid model strategies, caching, retrieval augmentation,
smaller distilled models, and more precise routing logic can
reduce both cost and environmental impact while preserving
business value.

D. Incident, Performance, and Capacity Management

The fourth lever is operational visibility. Al systems can
consume excessive resources not only because they are large,
but also because they behave inefficiently in production. A
poorly tuned workflow may generate unnecessary retries. A
routing loop may increase compute usage without improving
outcomes. An unnoticed degradation in summarization or
inference performance may lead teams to overcompensate
elsewhere in the stack.

Incident and capacity management should therefore also
be viewed as sustainability tools. The same disciplines used to
reduce downtime—proactive monitoring, anomaly detection,
queue analysis, escalation management, and post-incident

TABLE |

review—can help identify patterns of wasted compute and
unnecessary resource consumption. In this sense, reliability
and sustainability are not competing priorities. Stronger
operations often improve both.

E. Cross-Functional Governance

The fifth lever is governance. Sustainable Al
infrastructure cannot be managed effectively by infrastructure
teams alone, nor by sustainability teams working in isolation.
It requires structured coordination across architecture,
support, operations, finance, and executive leadership,
anchored in shared, standardized metrics such as the Software
Carbon Intensity specification [11] rather than ad hoc, team-
specific measures.

This coordination matters because the trade-offs are real.
A team optimizing only for latency may overprovision. A
team optimizing only for cost may underinvest in resilience.
A sustainability group may push for lower-carbon workloads
without fully understanding customer commitments.
Governance provides a mechanism for making these trade-
offs explicit, deliberate, and accountable rather than
accidental.

SUMMARY OF THE FIVE-LEVER OPERATIONAL FRAMEWORK

Primary Workload Operational

Applicability

Lever

Context

Owner

Illustrative Metric(s)

Expected Impact

Constraints

1. Workload Placement

Training, batch
inference, retraining

Capacity planning /
architecture

Grid carbon intensity
by region; site PUE

Lower carbon
intensity per
workload-hour

Latency, data
residency, redundancy
requirements

2. Power- and Carbon-Aware
Scheduling

Delay-tolerant
training, fine-tuning,
batch jobs

Scheduling /
orchestration

% workload shifted;
avoided peak-carbon
hours

Lower carbon per
compute-hour;
reduced peak grid
stress

Requires flexible
SLAs; not applicable
to latency-sensitive
inference

3. Right-Sized Architectures

Inference and serving

Avrchitecture /

Utilization rate; cache

Lower idle capacity
and compute per

Requires
accuracy/quality trade-

engineering hit rate; model-task fit request off evaluation
Retry rate; queue Reduced wasted Requires monitorin
4. Incident, Performance, and All workload tvpes SRE / support / depth; MTTR; post- compute from an(?observabilit g
Capacity Management s operations incident efficiency inefficiency and y

findings

failure modes

maturity

5. Cross-Functional
Governance

Organization-wide

Executive / finance
/ sustainability /
operations

Adoption of shared
metrics (e.g., SCI);
review cadence

Coordinated trade-
offs; accountability

Requires
organizational buy-in;
may slow initial
deployment velocity

F. Illustrative Scenario

To illustrate how the framework's levers and metrics
might interact in practice, consider the following hypothetical
scenario. It is constructed for illustration only, is not based on
measured production data, and should not be read as a
quantified finding of this paper. A mid-size enterprise runs a
recurring fine-tuning and batch-inference workload equivalent
to roughly 500 GPU-hours per week, currently scheduled
without regard to time-of-day, region, or grid carbon

intensity, and served through a single general-purpose model
regardless of task complexity.

Applying lever B (carbon-aware scheduling), the
enterprise could shift its delay-tolerant share of this workload
into lower-carbon-intensity windows, consistent with the
shiftable-load patterns documented for comparable workloads
in [9] and the production scheduling results reported in [8].
Applying lever C (right-sizing), the enterprise could replace
the general-purpose model with a smaller distilled model for



routine inference calls, consistent with the utilization and
consolidation gains documented in [5] and [6]. Populating
Table I's metrics with this organization's own utilization,
scheduling, and carbon-intensity data—rather than the
illustrative figures used here—would show directionally
lower estimated carbon intensity and compute cost per
workload. We present this scenario only to demonstrate how
an organization would instrument and apply the framework;
quantifying the actual magnitude of such effects in real
production environments is precisely the empirical work
identified in Section X.

VII. IMPLEMENTING THE FRAMEWORK IN PRACTICE

Implementation begins with measurement. Organizations
need a baseline view of where Al workloads are running,
what infrastructure they consume, which services are the most
power-intensive, and where the largest gaps exist between
designed and actual usage, ideally expressed in the kind of
standardized metrics summarized in Table I. Without that
baseline, sustainability goals remain abstract.

The next step is policy development. Enterprises should
define which classes of workloads are eligible for carbon-
aware placement or delayed scheduling, where architectural
review is required, and which metrics matter most. For some
organizations, this may include carbon intensity per workload,
infrastructure utilization, idle capacity, or water-sensitive
deployment considerations. For others, the starting point may
simply be to incorporate environmental efficiency into
existing architecture review processes.

Operations come next. Teams need dashboards and review
routines that surface energy-related inefficiencies alongside
cost and performance. They need incident processes that ask
not only whether a service is degraded, but also whether a
workload is behaving wastefully. They also need post-
incident reviews that capture efficiency lessons, not just
availability lessons.

This is also where leadership experience in mission-
critical environments becomes especially valuable. Enterprise
support and technical account organizations are often the first
to see how design assumptions break down under production
conditions. They are also the teams most likely to identify
where customer experience, cost, and operational inefficiency
intersect. In Al infrastructure, those observations can be
translated into  both reliability improvements and
sustainability gains.

VIII. IMPLICATIONS FOR ENTERPRISE LEADERSHIP

The environmental footprint of Al is not simply a facilities
issue or a public relations concern. It is increasingly a
strategic issue for CIOs, CTOs, support leaders, and
operations executives. As Al expands, enterprises will be
judged not only by how quickly they deploy intelligent
systems, but also by how responsibly they scale them.

This implies a broader definition of Al performance. A
successful Al deployment is not merely one that meets

latency and quality targets. It is one that delivers value while
using power, compute, and infrastructure resources in a
disciplined way. That requires a shift in mindset from asking,
“How fast can this scale?” to asking, “How intelligently can
this scale?”

Organizations that make this shift early may gain several
advantages at once, including lower operating costs, more
resilient infrastructure, stronger governance, and greater
credibility with customers and regulators. In that sense,
environmental efficiency is not a brake on Al innovation; it is
part of what makes Al a sustainable business capability.

Beyond individual enterprises, this reframing carries
broader implications. If a meaningful share of Al's
environmental footprint is shaped by operational decisions
rather than fixed by hardware and model architecture, then
cloud-provider tooling, enterprise governance structures, and
even regulatory approaches to Al infrastructure accountability
may currently be under-indexed on operations relative to
hardware and model efficiency. Cloud providers could expose
better default carbon-aware scheduling and placement
options; enterprises could formalize operational-sustainability
ownership within existing governance structures; and
regulators or standard-setters evaluating Al infrastructure
impact could consider operational discipline, not only
hardware efficiency or reported power usage effectiveness, as
part of accountability frameworks.

IX. LIMITATIONS

This paper has several limitations that should inform how
it is read and used. First, the framework has not been
empirically validated within this paper: no case studies,
production measurements, or before/after comparisons are
presented, and the illustrative scenario in Section VI.F is
explicitly hypothetical rather than measured. Second, the five
levers were derived through literature synthesis and
practitioner experience rather than a formal systematic
review, structured expert elicitation, or comparative
evaluation against existing frameworks; a different derivation
process might group or weight the levers differently. Third,
the effectiveness and applicability of each lever will vary by
cloud provider, workload type (training versus inference
versus batch analytics), latency requirement, geographic
region, and regulatory environment, and this paper does not
quantify those interactions. Fourth, the framework is scoped
to enterprise and hyperscale cloud-hosted Al workloads, as
described in Section V, and may not transfer directly to
smaller institutions, edge deployments, or fully on-premises
environments. Finally, because cloud tooling, grid carbon-
intensity data availability, and Al workload patterns are
evolving quickly, specific operational recommendations may
need revision as tooling and provider capabilities mature.

X. FUTURE RESEARCH DIRECTIONS

Several directions for future research follow directly from
the limitations above. Empirical case studies are needed that
quantify the energy, carbon, and cost outcomes of applying
each lever in real production environments, ideally with



before/after measurement. A structured or systematic review
of the broader carbon-aware and green-cloud-computing
literature would strengthen and potentially revise the
framework proposed here. Comparative analysis of carbon-
aware scheduling and placement capabilities across major
cloud providers would help operations teams understand what
is achievable with current tooling. Further work is needed to
adapt or extend standardized operational sustainability
metrics, such as the Software Carbon Intensity specification
[11], specifically to Al training and inference workloads.
Research on governance is also needed: how should
organizations design accountability structures that sustain
operational sustainability practice over time without
degrading reliability or business performance? Finally,
region- and workload-specific analysis of placement and
scheduling trade-offs under varying compliance, latency, and
regulatory constraints would help translate the framework's
general principles into concrete, provider- and workload-
specific guidance.

XI. CONCLUSION

Al is often described as weightless software intelligence,
yet its growth depends on physical systems that consume
electricity, require cooling, and place increasing pressure on
infrastructure and water resources [1], [2], [10]. As those
demands grow, the most effective response will not come
from hardware advances alone. It will also come from
stronger day-to-day operational strategy, building on and
extending  existing research on  energy-proportional
computing, carbon-aware scheduling, and resource allocation

(5], [6]. [8]. [9]

By improving workload placement, enabling power-aware
and carbon-aware scheduling, right-sizing architectures,
strengthening incident and capacity management, and
building cross-functional governance around shared metrics,
enterprises can meaningfully reduce the energy and carbon
footprints of Al-enabled cloud infrastructure. This paper has
presented that framework as a conceptual synthesis, clarified
its relationship to existing academic and industry work, and
outlined the empirical research needed to validate it. In doing
so, it aims to demonstrate that operational excellence and
environmental responsibility are not separate priorities, but
closely connected ones.
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