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Abstract

Contemporary artificial intelligence policies systematically externalize environmental costs.
Despite divergent governance models, the European Union, the United States, and China
converge on the same outcome: none impose binding restrictions on the energy intensity,
carbon footprint, or infrastructural expansion of AI systems. This article demonstrates that
sustainability is treated as an externality, rather than as a mandatory regulatory constraint,
in all major jurisdictions. Focusing on energy consumption, computational infrastructure,
and carbon budgets, the analysis shows that current AI policy choices generate predictable
patterns of environmental omission and cost externalization. Policy measures aimed at
strengthening rights protection and technological autonomy—such as tightening compli-
ance requirements, developing large-scale models, and duplicating infrastructure—are
adopted without corresponding limits on energy use or emissions, generating growing
tensions with planetary constraints. This article makes three contributions to the literature
on AI governance and sustainability. First, it conceptualizes sustainability as a binding
material constraint, rather than as a normative objective or efficiency-based goal. Second,
through a comparative policy analysis, it shows that despite divergent regulatory styles,
the European Union, the United States, and China converge in the absence of enforceable
environmental limits applicable to AI systems. Third, it identifies the policy mechanisms—
compliance-driven computational expansion, infrastructure duplication, and scale-oriented
incentives—that systematically generate environmental externalization across jurisdictions.
The article concludes that effective AI policy requires recognizing sustainability as a hard
material limit, translated into binding environmental restrictions that condition regulatory
design, infrastructure planning, and the permissible scale of computational systems.

Keywords: artificial intelligence policy; environmental sustainability; energy consumption;
computational infrastructure; carbon emissions; AI governance; digital sustainability

1. Introduction
Contemporary approaches to artificial intelligence (AI) policy increasingly recognize

environmental sustainability, but tend to treat it as a secondary consideration. This con-
sideration is often accommodated alongside other policy objectives through efficiency
improvements, voluntary commitments, or future technological advances. This article
challenges that premise by arguing that, under current material and geopolitical condi-
tions, sustainability is not integrated into the design of AI policies, but is systematically
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externalized. Energy consumption, carbon budgets, and infrastructure expansion are
treated as factors exogenous to AI policy decisions, rather than as hard material constraints
that should condition their deployment and scale. This paper addresses the following
research question: to what extent do the main AI policy regimes internalize environmental
sustainability as a binding constraint on the scale, location, and energy intensity of AI
system deployment?

Answering this question requires situating AI policy within the material conditions
that make large-scale AI deployment possible. The rapid expansion of AI systems is in-
separable from the growth of energy-intensive computational infrastructures, including
large data centers, high-performance computing facilities, and global cloud computing
networks, which place increasing pressure on electrical systems, water resources, land use,
and carbon budgets, especially in contexts where renewable capacity and grid flexibility are
limited [1–3]. This material dependence also exposes a broader methodological gap in how
the environmental impacts of AI are assessed. As [4] demonstrate, evaluating AI-based
solutions requires going beyond energy consumption during the use phase and incorpo-
rating the full life cycle of computing equipment, including production, transportation,
and end-of-life stages. However, public policy frameworks rarely require such assess-
ments, treating infrastructure expansion and hardware production as elements external to
regulatory decisions on the deployment and scale of AI systems.

This pattern is structural rather than accidental. Measures aimed at strengthening
rights protection and technological autonomy, such as tightening compliance requirements,
developing large-scale models, and duplicating computing infrastructure, are adopted
without corresponding limits on energy use, emissions, or absolute resource consumption.
As a result, AI policies systematically generate environmental omissions that translate into
predictable patterns of cost externalization on energy systems and ecosystems [5,6].

Through a comparative analysis of the European Union, the United States, and China,
the article shows that, despite substantial differences in regulatory styles and strategic
priorities, the three jurisdictions converge in practice on the same outcome: the absence of
binding environmental restrictions applicable to AI systems, including enforceable limits
on energy intensity, carbon footprint, or the scale of the computational infrastructure
associated with AI deployment. Sustainability is repeatedly invoked in political discourse,
but remains weakly operationalized in regulatory instruments [7].

The central contribution of this work is threefold. First, it conceptualizes sustainability
as a set of binding material constraints rather than as a normative goal that can be bal-
anced; second, it shows, through a comparative policy analysis, that despite divergent
regulatory traditions, the European Union, the United States, and China converge in the
absence of specific enforceable environmental limits for AI; and third, it identifies the policy
mechanisms that generate this systematic externalization.

The article concludes that addressing the environmental impacts of AI requires a
change of perspective in public policy design. Rather than treating sustainability as just
another objective to be balanced or integrated alongside others, AI policy must recognize
it as a hard material constraint that conditions infrastructure planning, energy allocation,
and the permissible scale of computational systems. Without this change, AI policies will
continue to externalize environmental costs, compromising the compatibility of digital
transformation with transitions toward sustainability. At the same time, it should be
recognized that artificial intelligence can contribute to reducing emissions and increasing
efficiency in specific contexts. Numerous studies document AI applications aimed at energy
optimization, smart management of electrical grids, reducing consumption in industrial
processes, and improving logistics and transportation efficiency. There are also regulatory
and corporate initiatives aimed at improving the efficiency of data centers, promoting the
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use of renewable energy in digital infrastructure, and encouraging more sustainable energy
procurement practices, although these are largely voluntary in nature. These developments
show that AI is not inherently incompatible with climate goals and that, under certain
conditions, it can generate sectoral environmental benefits.

Crucially, the central argument of this article does not deny these potential benefits, but
rather points to a structural gap between these specific applications and the overall design
of AI policy. Even when positive optimization effects are recognized, current regulatory
frameworks do not translate these benefits into binding restrictions on the scale, location,
or energy intensity of AI system deployment. In the absence of such limits, efficiency gains
tend to be outweighed by the aggregate growth in computational demand, reproducing
patterns of environmental externalization. The problem, therefore, does not lie in the lack
of environmentally beneficial applications, but in the lack of governance mechanisms that
condition the scaling of AI to the material limits of the energy and climate system.

2. Environmental Externalization and Material Constraints in AI Policy
This section develops a material approach to contemporary AI policies, focusing on

how environmental costs are systematically externalized. Rather than treating sustainability
as a normative goal to be balanced against others, the analysis conceptualizes it as a set of
binding physical constraints—energy availability, carbon budgets, infrastructure capacity,
and material limits—that condition the feasible scale of AI systems. The central argument
is that current AI policy options fail to internalize these constraints, generating predictable
patterns of environmental omission across jurisdictions.

For analytical clarity, the following key terms are used throughout this paper: ‘AI
systems’ refers to both large-scale machine learning models (including foundational mod-
els such as GPT, Claude, Gemini, or Llama) and AI applications that require significant
computational capacity for training or deployment; ‘computing infrastructure’ refers to the
set of data centers, high-performance computing facilities, and cloud computing networks
that support the training and operation of AI systems; ‘energy intensity’ measures energy
consumption per unit of computation or per task performed; and ‘carbon footprint’ com-
prises greenhouse gas emissions associated with both the training phase and the inference
of models, as well as the production and end-of-life of computing hardware.

2.1. Sustainability as a Material Constraint

The environmental footprint of artificial intelligence is inseparable from the physical
infrastructures that make computing possible. The training and deployment of advanced
AI systems require large-scale data centers, high-performance computing facilities, and
global cloud computing networks, all of which depend on a continuous electricity supply,
water-intensive cooling systems, land availability, and mineral-intensive hardware supply
chains [1,2,6].

From a sustainability perspective, these dependencies translate into binding con-
straints. Global carbon budgets compatible with the Paris Agreement impose limits on
cumulative emissions, while the pace of renewable energy deployment determines the ex-
tent to which additional electricity demand can be decarbonized in the short and medium
term [3,8]. Improvements in energy efficiency, while necessary, do not eliminate these
constraints when absolute computational demand continues to grow [5,9].

Despite this material reality, AI policy frameworks rarely address energy use, emis-
sions, or infrastructure expansion as conditions that limit the deployment or scale of
systems. Instead, sustainability is often addressed through voluntary commitments, ef-
ficiency narratives, or ex post reporting mechanisms, leaving the main determinants of
environmental impact structurally unregulated.
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2.2. Policy Mechanisms That Generate Environmental Externalization

The environmental omission in AI policy is not the result of isolated regulatory gaps,
but emerges from identifiable mechanisms that systematically shift environmental costs
outside the scope of decision-making. Three mechanisms are particularly relevant.

2.2.1. Enforcement Requirements and Computational Overload

Regulatory measures aimed at strengthening regulatory compliance—such as algorith-
mic transparency obligations, auditability requirements, traceability of automated decisions,
or the implementation of privacy protection techniques—can increase computational com-
plexity and resource usage under certain conditions. Generating ex post explanations,
conducting periodic audits, or applying privacy preservation technologies such as feder-
ated learning or differential privacy may require additional training, inference, or storage
cycles, resulting in increased energy consumption and associated infrastructure load [5,10].
Recent empirical evidence demonstrates that compliance-oriented safety mechanisms in
large language models introduce measurable and non-negligible computational overhead.
Systematic analyses of RLHF identify computational resource requirements as a fundamen-
tal limitation, noting that fine-tuning with human feedback demands powerful hardware,
large datasets, and complex pipelines that create barriers to widespread adoption [11,12].
For instance, safety guardrails deployed to moderate harmful content can add hundreds of
milliseconds of additional latency per request in common deployment settings, depending
on model size and guardrail architecture.

These latency measurements reflect specific implementation architectures reported
in [13]. Actual overhead varies substantially depending on model size, guardrail design
(e.g., input filtering vs. output validation), deployment infrastructure, and optimization
strategies. The key point is not the precise magnitude, which is context-dependent, but
the existence of measurable computational overhead associated with safety and compli-
ance mechanisms.

Similarly, reinforcement learning from human feedback (RLHF)—a standard align-
ment technique used to ensure models refuse harmful requests—requires substantial
additional computational resources beyond base model training. Recent work on safety
alignment documents a measurable alignment tax, whereby reinforcement-learning-based
alignment introduces additional optimization constraints, degrades general capabilities
if not carefully controlled, and requires further computational effort to preserve perfor-
mance [14]. While the magnitude of this overhead varies depending on implementation
choices and model architecture, it represents a significant increment to the computational
and energy footprint of deployed AI systems. These measurements reflect specific de-
ployment settings and implementation choices, and that the magnitude of latency and
energy impacts may vary substantially across models, architectures, and operational con-
texts. Accordingly, the presence of computational overhead should be understood as a
context-dependent effect rather than a universal or fixed property of AI safety and compli-
ance mechanisms.

While these requirements are fully justified from a legal and rights protection perspec-
tive, they are rarely evaluated in terms of their aggregate environmental impact. In the
absence of explicit limits on energy consumption or emissions, the increased computational
load resulting from enforcement tends to be treated as an acceptable collateral cost of
regulatory compliance, rather than as a factor that should condition the technical design or
deployment of systems. As a result, the environmental costs associated with the application
of regulatory safeguards are externalized to energy systems and ecosystems, without being
explicitly integrated into AI policy decision-making.
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2.2.2. Infrastructure Duplication and Sovereignty-Driven Expansion

A second mechanism of environmental externalization stems from strategies aimed
at ensuring technological autonomy through the expansion of domestic computing ca-
pacity. Investments in national data centers, semiconductor manufacturing facilities, and
locally hosted foundational models generate energy-intensive infrastructure duplication
across jurisdictions, especially in contexts of geopolitical competition and technological
fragmentation [15,16].

This duplication tends to increase the total environmental footprint when it occurs in
conditions characterized by high marginal electricity carbon intensity, low infrastructure
utilization factors, or limitations on water and cooling availability. However, the actual
environmental impact depends on contextual variables such as the regional energy mix, the
operational efficiency of data centers, or the degree of substitution for shared infrastructure.
Even so, given that these considerations are rarely incorporated as binding constraints in
capacity planning, expansion driven by technological sovereignty objectives often proceeds
without a systematic assessment of its aggregate effects on emissions, resource use, and
infrastructure pressure. Environmental externalization is not the result of an explicit
decision, but rather of the structural omission of material limits in the computational
scaling strategy.

2.2.3. Incentives for Scaling and the Absence of Absolute Limits

A third mechanism stems from policy environments that reward performance gains
and rapid scaling without imposing absolute limits on resource use. Efficiency improve-
ments in hardware and algorithms are often presented as indicators of environmental
progress; however, existing studies consistently show that these gains are offset by in-
creased deployment and demand, leading to an increase in total energy consumption [2,9].

AI policy frameworks reinforce this dynamic by promoting innovation and competi-
tiveness without restricting scale. In the absence of binding limits on energy use, emissions,
or infrastructure growth, sustainability remains disconnected from decisions about model
size, deployment intensity, and market expansion. The result is a structural pattern in
which environmental impacts increase even as relative efficiency improves.

2.3. Implications for Comparative Analysis

These mechanisms provide the analytical basis for the comparative analysis developed
in the following section. Although the European Union, the United States, and China differ
significantly in their regulatory styles and strategic priorities, they share a common pattern:
none of them integrates environmental constraints into AI policy as binding conditions for
deployment or scale. Instead, environmental impacts are systematically displaced from
the core logic of AI policy, producing convergent outcomes in terms of energy demand,
emissions growth, and infrastructure expansion.

3. Comparative Policy Analysis: Environmental Externalization in AI
Policy Regimes

This study adopts a qualitative comparative policy analysis approach, focusing on
examining how the regulatory and strategic frameworks for artificial intelligence address—
or omit—the environmental limits associated with computational scale. The objective is not
to quantitatively measure specific environmental impacts. Rather, the analysis identifies
structural patterns of governance that condition the integration, or externalization, of
material constraints in AI policy design.

The analysis is based on a corpus of public policy and regulatory documents selected
for their relevance to AI governance and their interaction with computational infrastructure.

https://doi.org/10.3390/su18031633

https://doi.org/10.3390/su18031633


Sustainability 2026, 18, 1633 6 of 16

This corpus includes, among others, regulatory texts on artificial intelligence and data
protection, industrial and technological sovereignty strategies, policies on data centers
and semiconductors, as well as energy and climate planning documents. The selection of
sources focused on the period 2019–2024, to capture the recent cycle of AI expansion and
associated policy formulation.

The unit of analysis is the treatment that each AI policy regime gives to the material
limits of technological deployment, particularly in relation to energy consumption, carbon
emissions, and the expansion of computational infrastructure. In this framework, environ-
mental externalization is operationally defined as the absence of binding environmental
restrictions that condition the scale, location, or energy intensity of AI systems. Measures
that impose enforceable limits, quantitative thresholds, authorization requirements, or
effective conditionalities associated with the deployment or scaling of AI systems are
considered binding.

To be considered “binding” in the operational sense used in this article, a restriction
must meet at least one of the following criteria: (i) establish maximum enforceable thresh-
olds for energy consumption, carbon emissions, or resource use specifically applicable
to the training, deployment, or operation of AI systems; (ii) require prior environmental
authorizations or assessments whose denial could effectively prevent or condition the
deployment of AI computational infrastructure; or (iii) effectively link access to computa-
tional infrastructure, public funding, or industrial incentives to compliance with specific
quantitative environmental standards for AI. This operational definition allows for the
recognition of the existence of general energy regulations, efficiency standards for data
centers, or renewable procurement policies, while maintaining the analytical distinction
between such regulations and restrictions specifically linked to the scaling of AI.

It is important to clarify that this operational definition does not deny the existence
of de facto constraints on computational expansion arising from general infrastructure
regulation, such as grid connection limits, permitting procedures, water availability, or land-
use restrictions applicable to data centers. While such constraints can function as practical
limits in specific local contexts, they are not designed or applied as intentional regulatory
instruments to condition the scale, location, or energy intensity of artificial intelligence
systems as such. In this article, only restrictions that explicitly target AI deployment or
computational scaling, or that condition access to infrastructure, funding, or authorization
on quantified environmental criteria linked to AI activity, are considered “binding.” This
distinction allows the analysis to acknowledge background infrastructure constraints
while maintaining analytical focus on the presence—or absence—of environmental limits
deliberately integrated into AI policy design.

The comparative analysis is structured around three main criteria:

(i) the existence or absence of AI-specific regulatory instruments addressing energy use,
emissions, or infrastructure footprint;

(ii) the degree of integration between AI policy and general climate and energy policy
frameworks; and

(iii) institutional and industrial incentives that favor or restrict the expansion of compu-
tational capacity. These criteria make it possible to identify common mechanisms of
environmental externalization beyond formal differences in regulatory styles.

The comparison is made at the national or supranational level, focusing on the Euro-
pean Union, the United States, and China as the three main AI governance regimes on a
global scale. Although there are relevant subnational variations—such as state initiatives
in the United States or provincial policies in China—the analysis focuses on central-level
frameworks, given that these variations do not currently translate into absolute environ-
mental limits that condition the scale of AI deployment at the systemic level.
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This synthetic approach allows us to identify structural convergences in environmen-
tal externalization shared between regimes with divergent governance models, without
presupposing that an exhaustive analysis of all subnational variations is necessary to
demonstrate the central argument of the study. While state, provincial, or sectoral initia-
tives are relevant to specific implementation contexts, their existence does not alter the
systemic pattern identified: the absence of binding environmental restrictions that effec-
tively condition decisions on the scale, location, and deployment of AI systems at the level
of general public policy. This methodological approach allows us to identify substantive
convergences in the environmental outcomes of formally divergent AI policies, without
presupposing normative equivalences or regulatory hierarchies between jurisdictions.

Methodological limitations and scope boundaries. This analysis focuses on policy de-
sign and governance structures rather than quantitative environmental impact assessment.
While the study identifies patterns of environmental externalization across jurisdictions,
it does not quantify specific emissions increases attributable to AI deployment as distinct
from general data center growth, nor does it conduct lifecycle assessments of individual
AI systems. The analysis examines policy frameworks and their structural omissions, not
the granular measurement of energy consumption or carbon footprints associated with
particular models or applications. These quantitative dimensions remain important areas
for complementary empirical research.

Based on the methodological approach described above, this section examines how
the artificial intelligence policies of the European Union, the United States, and China
generate differentiated but convergent patterns of environmental externalization. Rather than
comparing abstract models of governance, the analysis focuses on how specific regulatory
decisions, infrastructure strategies, and industrial policies shape the material footprint of
AI systems. The comparison encompasses both explicit regulatory instruments and implicit
omissions observable in energy policy, infrastructure planning, and environmental regulation.

3.1. European Union: Regulatory Ambition and Environmental Omission

The European Union has developed one of the most comprehensive regulatory frame-
works on artificial intelligence currently in force, with a strong focus on the protection of
fundamental rights. The AI Regulation, adopted in 2024, establishes a risk-based system of
obligations aimed at preventing discrimination, ensuring transparency, and strengthening
procedural safeguards [7,17]. High-risk AI systems are subject to extensive conformity
assessments, documentation requirements, human oversight obligations, and enforcement
mechanisms backed by significant administrative penalties.

However, this regulatory architecture operates in a context of marked material depen-
dence. The European Union relies heavily on non-European cloud computing providers
for its computing infrastructure, with the three major US-based providers (Amazon Web
Services (AWS), Seattle, WA, USA; Microsoft Azure, Redmond, WA, USA; and Google
Cloud, Mountain View, CA, USA) controlling approximately 70% of the European cloud
market, while European providers account for only around 15% [18]. The EU also lacks
advanced semiconductor manufacturing capacity, with only 6–8% of global production
occurring in Europe compared to over 60% in East Asia [15], and depeds on external
providers for the development of large-scale foundational models. Initiatives aimed at
strengthening domestic capacity—such as Gaia-X or the European Chips Act—have so
far failed to alter this structural dependence in the short to medium term [16,18,19].This
external dependency reproduces the dynamics of “pollution havens” observed in manufac-
turing offshoring, where European computing demand is met by infrastructure located in
jurisdictions with different energy mixes or regulatory frameworks. The associated climate
impacts fall outside European territorial accounting, generating a form of carbon leakage
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in the digital sphere, comparable to the debates on consumption-based accounting versus
territorial accounting for emissions from manufactured products.

Crucially, the AI Regulation does not address the environmental implications of this
configuration. It contains no provisions on energy consumption, carbon footprint reporting,
or compatibility with climate goals. Nor does it impose environmental conditions on
the location or operation of data centers, model training, or public procurement of AI
systems [1,5]. As a result, the expansion of AI deployment in the European Union is
proceeding without binding environmental restrictions, despite the Union’s own formal
climate commitments. Environmental impacts are displaced outside the regulatory scope
of AI policy, resulting in systematic omission rather than explicit compensation.

As of early 2025, Gaia-X has faced significant implementation challenges, including
limited commercial adoption, difficulties in establishing interoperable infrastructure stan-
dards, and continued reliance on non-European hyperscale providers for critical computing
capacity. The European Chips Act, while allocating substantial funding for semiconductor
manufacturing, has yet to result in operational advanced fabrication facilities that would
meaningfully reduce EU dependence on external semiconductor supply in the short to
medium term.

The ‘pollution haven’ hypothesis in environmental economics describes the tendency
for polluting industries to relocate to jurisdictions with weaker environmental regulation
or enforcement. In the context of digital infrastructure, this dynamic manifests when
computing demand in jurisdictions with strict climate commitments is met by data centers
and cloud services located in regions with higher carbon intensity electricity grids or
less stringent environmental oversight, effectively externalizing emissions outside the
demanding jurisdiction’s territorial carbon accounting.

3.2. United States: Infrastructural Dominance and Unrestricted Expansion

The United States occupies a unique position in the global AI landscape due to its
leading position in critical computational infrastructure. US-based companies control
approximately 65–70% of global cloud computing capacity [18]—with AWS, Microsoft
Azure, and Google Cloud Platform dominating hyperscale infrastructure—and lead the
design of advanced semiconductors, while federal industrial policy actively supports
domestic capacity through instruments such as the CHIPS and Science Act [20]. This infras-
tructural concentration gives the United States substantial control over the development,
deployment, and scaling of AI systems.

From a regulatory standpoint, the United States lacks a comprehensive federal frame-
work governing AI or data protection. The protection of rights remains fragmented among
sectoral regulations, state-level initiatives, and private litigation, while recent federal ac-
tions emphasize voluntary principles and industry self-regulation rather than binding
obligations [21,22]. This regulatory stance prioritizes flexibility and innovation, reinforcing
the rapid expansion of computing capacity.

Environmental considerations play no restrictive role in this model. There are no
federal limits on data center energy consumption, no specific carbon footprint reporting
obligations for AI systems, and no environmental conditions attached to public subsidies
for semiconductor manufacturing or cloud computing infrastructure [2,9]. Although major
cloud providers have announced climate neutrality goals, these commitments coexist
with sustained growth in absolute energy demand [3]. The US approach thus generates a
pattern of relative efficiency gains combined with absolute increases in resource use, with
environmental costs externalized outside the scope of AI policy.

It should be noted that there are relevant initiatives at the state and sectoral levels
that indirectly address the environmental impacts of digital infrastructure, such as certain
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policies on data centers in California or Virginia, the application of the National Environ-
mental Policy Act (NEPA) to large infrastructure projects, or the recent climate disclosure
rules of the Securities and Exchange Commission (SEC). Nevertheless, these instruments
operate in a fragmented manner and do not impose specific or binding environmental
restrictions on the deployment or scaling of artificial intelligence systems. In particular,
they do not directly condition the size of models, the computational intensity of training,
or the expansion of AI-related infrastructure, and therefore do not alter the general pattern
of environmental externalization identified in the analysis.

3.3. China: Strategic Self-Sufficiency and Growth-Driven Environmental Pressure

China’s AI policy is part of a broader strategy of technological self-sufficiency and
national security. State-led industrial policy mobilizes large-scale investments to reduce
dependence on foreign technologies, especially in cloud infrastructure, semiconductors,
and foundational AI models [23,24]. This strategy has given rise to a robust domestic AI
ecosystem capable of meeting domestic demand independently of external suppliers.

Regulatory oversight in China prioritizes political control and social stability over
individual rights. Mandatory data localization, forced cooperation with security authorities,
and content regulation are central elements of the regulatory framework, integrating AI
governance into a centralized architecture of state control [25,26].

Environmental sustainability plays a secondary role. Although China has adopted
efficiency standards for data centers and encouraged their location in regions with abundant
renewable energy, relocating data centers to regions such as Inner Mongolia or Qinghai
can reduce carbon intensity when there are high rates of curtailment of renewable energy
and limited interconnection with the main power grid, allowing surplus energy that
would otherwise be lost to be harnessed [3]. However, the economic efficiency of these
policies depends on multiple factors, including utilization rates, quality of grid integration,
transmission losses, and cooling requirements in different climate zones. These measures
do not impose absolute limits on computational growth.

The rapid expansion toward exaFLOP-scale computing capabilities, with data center
capacity growing at estimated double-digit annual rates between 2020–2024 [3], continues
to be associated with increases in energy consumption that tend to outpace efficiency
improvements [27]. Sustainability functions as a conditional consideration within a growth-
oriented strategy, rather than as a binding constraint on AI deployment.

There is also significant variation at the provincial level in China in terms of data
center location, energy incentives, and the availability of renewable sources, with policies
promoting the relocation of computing infrastructure to less carbon-intensive regions. A
systematic analysis of these provincial variations lies beyond the scope of this study, which
focuses on central-level policy frameworks. However, these subnational differences do not
translate into absolute or enforceable limits on the scale of AI deployment. The expansion
of computing capacity continues to be guided by centrally defined objectives of growth
and strategic self-sufficiency, with environmental sustainability operating as a criterion of
relative efficiency rather than a binding constraint on the overall scale of AI systems.

3.4. Comparative Synthesis: Convergent Outsourcing, Divergent Trajectories

Despite substantial differences in regulatory style, industrial structure, and strategic
priorities, the European Union, the United States, and China converge on the same outcome:
none of them integrate environmental limits into AI policy as binding conditions on scale,
deployment, or infrastructure expansion. In all three cases, sustainability is addressed
through indirect, voluntary, or sectorally disconnected measures that leave the main drivers
of environmental impact intact.
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The trajectories differ. In the European Union, environmental omission results from
regulatory compartmentalization and material dependence; in the United States, from in-
frastructural dominance combined with permissive regulation; and in China, from state-led
expansion driven primarily by growth objectives. However, the environmental consequence
is similar in all jurisdictions: increased energy demand, expansion of the infrastructure
footprint, and a lack of enforceable limits aligned with carbon budgets.

This convergence reinforces the central thesis of the article: contemporary AI policy
regimes, regardless of their normative orientation or style of governance, systematically
externalize environmental costs by not treating sustainability as a material constraint on
computational scale.

Although there are significant subnational and sectoral variations in the three jurisdic-
tions analyzed (Tables 1–3), these do not alter the structural outcome observed: the absence
of binding environmental restrictions that effectively condition the computational scale of
artificial intelligence.

Table 1. Comparative overview of AI policy regimes and environmental externalization (data and
sources updated as of January 2025). Policy orientation and regulatory framework.

Dimension European Union United States China

Main regulatory
framework for AI

AI Act (2024) [7], GDPR
(2018), Charter of
Fundamental Rights

Fragmented framework:
BIPA (Illinois), CCPA/CPRA
(California), sectoral
regulation (HIPAA, FCRA,
FERPA)

Cybersecurity Act (2017),
Data Security Act (2021),
PIPL (2021) [25], Generative
AI Regulation (2023) [26]

Type of enforcement
Supranational, legally
binding, high administrative
penalties

Sectoral and state
enforcement; private
litigation and agency action
(FTC, state attorneys general)

Centralized and
administrative; prioritizes
state control and national
security

Protected subjects
Individuals in EU territory
and extraterritorial effects
(“Brussels effect”)

Fragmented protection;
primacy of corporate freedom
of expression

State interests defined as
“national security” and
“public order”

Dominant
regulatory approach

Fundamental rights,
algorithmic due process, risk
mitigation

Innovation, regulatory
flexibility, market leadership

Political control,
technological self-sufficiency,
social stability

Notes: Main sources [7,17,21,22,25,26,28].

Table 2. Material and industrial capacity for AI deployment.

Dimension European Union United States China

Computing capacity
(hyperscale cloud,
IaaS) *

Low: high dependence on
non-European providers
(AWS, Azure, Google Cloud)

High: global leadership in
cloud infrastructure (AWS,
Azure, Google Cloud)

Medium-high: robust
domestic ecosystem (Alibaba,
Tencent, Huawei, Baidu)

Semiconductors:
ownership and
production capacity

Low: <10% global production;
absence of advanced
manufacturing <5 nm

Medium: leadership in
design; external production
dependence (TSMC)

Medium: substantial
investment; 7 nm capacity
with limited yields

Competitive
foundational models

Low: relevant projects but no
global leadership

High: OpenAI, Google,
Anthropic, Meta

High: competitive models in
Mandarin; domestic
functional autonomy

Effective technological
decision-making
autonomy

Limited: regulatory
sovereignty without full
computational sovereignty

High: comprehensive
control of the
technology chain

High: prioritized strategic
self-sufficiency

Notes: Main sources [15,16,18,24,29]. * Cloud market positioning refers to estimated global IaaS and hyperscale
cloud market shares, based on industry analyses by Synergy Research Group [18].
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Table 3. Integration of environmental limits into AI policy.

Dimension European Union United States China

Integration of
energy/emissions into
specific AI regulation

No specific binding
environmental provisions
identified in the AI Act

No specific binding
environmental provisions
identified in federal AI regulation

No specific binding
environmental provisions
for AI identified

Carbon budgets
applicable to AI

No specific carbon
budgets identified for AI

No specific carbon budgets for
AI are identified

No specific carbon
budgets for AI identified

Specific environmental
reporting obligations
for AI

No specific enforceable
obligations for AI are
identified

No specific enforceable
obligations for AI are identified

No specific enforceable
obligations for AI are
identified

Regulatory restrictions
on the computational
scale of AI

No explicit restrictions
linked to environmental
limits identified

No explicit restrictions linked to
environmental limits identified

No explicit restrictions
linked to environmental
limits identified

Policies on data centers
EU Code of Conduct
(voluntary); no mandatory
limits on scale or location

Scattered policies; voluntary
corporate commitments

Efficiency standards (PUE)
and incentivized location

Observed
environmental outcome

Expansion of AI without
binding environmental
conditions

Absolute growth in energy
demand despite efficiency
improvements

Rapid growth with
efficiency improvements
offset by scale

Notes: Main sources [1–3,5,7,9,19,22,26,27].

Methodological Notes

1. The Low/Medium/High categories describe effective material capacity (hyperscale
cloud infrastructure, advanced semiconductors, and foundational models), not nor-
mative judgments.

2. Cloud market data (Table 2) refers to the IaaS/hyperscale segment. US dominance
figure (~65–70%) and EU market distribution (~70% US providers, ~15% European
providers) are based on Synergy Research Group Q3 2024 estimates [18]; China figures
are derived from the same source and complementary industry analyses.

3. Only measures that impose enforceable thresholds, carbon budgets, prior authoriza-
tion requirements, or effective conditions that restrict the scale, location, or energy
intensity of AI systems are considered “binding environmental limits.”

4. General climate policies, voluntary efficiency standards, or environmental regulations
not specific to AI are not considered binding when they do not directly condition
decisions on training, deployment, or computational scaling.

4. Public Policy Implications: Internalizing Environmental Limits in
AI Policy

The comparative analysis shows a consistent pattern across jurisdictions: despite
significant differences in regulatory style, institutional design, and geopolitical strategy,
current artificial intelligence policies do not systematically internalize environmental limits.
Energy consumption, carbon budgets, and infrastructure expansion remain largely outside
the design of AI policy, treated as downstream consequences rather than as constraints
that should condition deployment and scale. The central implication for public policy is
therefore not the need to balance competing regulatory objectives, but to correct a structural
omission: the absence of binding environmental constraints in AI governance.

4.1. Overcoming Techno-Optimism and Voluntary Commitments

The dominant discourse on AI policy continues to rely on narratives of technological
optimism, efficiency gains, and voluntary corporate commitments. Sustainability is often
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invoked as a long-term goal to be achieved through innovation, greater hardware efficiency,
or future deployments of renewable energy. The analysis presented in this article chal-
lenges that premise. Efficiency improvements have been consistently outpaced by growth
in computational demand, leading to increases in absolute energy consumption across
all jurisdictions.

Voluntary sustainability commitments announced by cloud providers and AI develop-
ers do not alter this trajectory. In the absence of enforceable limits, competitive pressures
and geopolitical incentives favor continued scaling, regardless of environmental impact.
As a result, AI policy frameworks based on self-regulation or non-binding guidelines do
not address the material determinants of environmental harm. A first implication for
policymakers is therefore to abandon reliance on voluntary approaches and recognize that
sustainability cannot be achieved through efficiency alone.

4.2. Sustainability as a Binding Condition for AI Deployment and Scale

Treating sustainability as a binding constraint requires a change in public policy design.
Environmental limits must be integrated upstream, conditioning decisions on whether,
where, and at what scale AI systems are developed and deployed. This implies moving
beyond generic climate commitments toward specific regulatory instruments for AI that
directly impact energy use, emissions, and infrastructure growth.

Specific options include the introduction of binding carbon budgets for large-scale
model training, mandatory carbon footprint reporting for AI systems—with independent
verification—and environmental conditionality in public procurement and public financ-
ing schemes. For example, carbon budgets could set maximum emission thresholds for
foundational model training, differentiated by model size and computational intensity,
with ex ante authorization requirements and verified offsetting for executions that exceed
predefined limits. Similarly, mandatory reporting frameworks could require standardized
disclosure of energy intensity (e.g., kWh per inference operation), hardware lifecycle emis-
sions, and data center Power Usage Effectiveness (PUE), verified through independent
audits and aligned with existing climate disclosure regimes. Public procurement could op-
erationalize this conditionality by requiring AI systems deployed in government services to
meet sectoral energy efficiency benchmarks, prioritize deployment in low-carbon electricity
grids, or demonstrate verified additionality in renewable energy sourcing. Without such
instruments, AI policy remains structurally disconnected from climate policy, allowing
computational expansion to undermine broader transitions toward sustainability.

Similar regulatory precedents exist in other sectors with high environmental impacts.
For instance, emissions performance standards are used in electricity generation, aviation
(CORSIA framework), and industrial manufacturing (EU ETS). Vehicle emissions standards
differentiate limits by vehicle class and use. Energy efficiency standards for buildings
and appliances establish mandatory thresholds with penalties for non-compliance. Such
sectoral precedents demonstrate the technical and administrative feasibility of imposing
binding environmental limits on specific activities while allowing differentiation based on
technical characteristics and intended use.

4.3. Managing Environmental Externalization Under Geopolitical Competition

A central obstacle to integrating environmental limits is geopolitical competition. The
analysis shows that no major jurisdiction is willing to impose unilateral restrictions that
could reduce its relative technological position. This dynamic leads to a collective outcome
in which all actors expand computational capacity while externalizing environmental costs.

However, the cross-border nature of climate impacts means that purely national
solutions are insufficient. While comprehensive global coordination may be politically un-
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realistic, certain forms of targeted international alignment are feasible and necessary. These
include common standards for reporting AI-related emissions, shared methodologies for
measuring energy consumption in training and inference, and coordination on minimum
environmental requirements for hyperscale data centers. These measures do not require
harmonizing AI governance models, but they can reduce the risk of a race toward environ-
mentally unsustainable scaling. In concrete terms, international alignment could take the
form of a voluntary multilateral registry of emissions derived from foundational model
training, inspired by existing climate finance transparency mechanisms, or the definition of
minimum energy efficiency standards for hyperscale facilities involved in cross-border data
flows. Although such instruments would not eliminate competitive dynamics, they could
introduce minimum expectations for transparency and efficiency that may help mitigate
environmentally intensive scaling practices.

4.4. Environmental Limits and Policy Trade-Offs

Integrating sustainability as a binding constraint inevitably affects other dimensions
of AI policy. Some computationally intensive practices—such as exhaustive explainability
techniques, continuous audits, or redundant infrastructure replication—may be incompati-
ble with strict carbon budgets. This does not imply abandoning fundamental safeguards
or strategic capabilities, but it does require prioritizing essential protections and avoiding
environmentally costly regulatory excesses.

Similarly, ambitions for complete technological self-sufficiency may need to be recon-
sidered when they involve large-scale duplication of infrastructure with limited marginal
benefits. From an environmental perspective, selective dependence and shared infras-
tructure may, in some cases, be more sustainable than fragmented expansion driven by
sovereignty. Recognizing these limits is not a failure of public policy, but a necessary
adjustment to material reality.

4.5. From Aspirational Governance to Constraint-Aware Policy Design

The overall implication of the analysis is that effective AI policy must move from aspi-
rational frameworks to constraint-aware design. Success should not be measured by the
number of principles adopted or guidelines published, but by the extent to which AI deploy-
ment remains compatible with energy systems, carbon budgets, and planetary boundaries.

Without this shift, AI governance will continue to externalize environmental costs,
undermining both climate goals and the long-term viability of digital transformation.
Internalizing environmental limits is therefore not a peripheral concern, but a prerequisite
for aligning artificial intelligence with transitions toward sustainability.

5. Conclusions
This article has analyzed artificial intelligence policies from the perspective of en-

vironmental sustainability understood as a material constraint, rather than a normative
aspiration. Based on an analysis of the European Union, the United States, and China, the
study shows that, despite their divergent regulatory traditions, differentiated institutional
arrangements, and distinct geopolitical strategies, all major AI policy regimes converge
on the same outcome: the systematic externalization of the environmental costs associated
with computational scale.

In all the jurisdictions analyzed, AI policy frameworks prioritize regulatory compli-
ance, strategic autonomy, or industrial competitiveness, while energy consumption, carbon
budgets, and infrastructure expansion remain weakly regulated or completely neglected.
Climate goals and AI policy are evolving on parallel but largely disconnected trajectories.
As a result, the rapid scaling of AI systems is proceeding without binding limits aligned
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with planetary constraints, compromising the compatibility of digital transformation with
transitions to sustainability.

Comparative analysis shows that this outcome is not accidental. It arises from the
interaction between geopolitical competition, industrial incentives, and the absence of
specific environmental regulation for AI. No relevant jurisdiction is willing to impose
unilateral restrictions on computational expansion that could reduce its relative position,
even when aggregate outcomes threaten shared climate goals. Efficiency improvements,
voluntary commitments, and general climate statements have proven insufficient to offset
the growth in absolute energy demand driven by AI deployment. Recent comparative
evidence shows that the adoption of artificial intelligence is associated with higher car-
bon emissions even after controlling for renewable energy deployment and institutional
quality, indicating that governance reforms and efficiency gains alone do not neutralize
the environmental impact of AI-driven computational expansion [30]. Complementary
analyses at the urban level further confirm that the spread of AI is linked to a deteriora-
tion in carbon emissions performance, despite efforts at energy transition and industrial
transformation, highlighting the persistence of scale effects [31]. Recent empirical research
on artificial intelligence, cloud computing, and digital infrastructures further shows that
digital expansion generates net increases in energy demand and emissions even under
ESG-oriented governance frameworks, reinforcing the relevance of cumulative scale effects
in digital sustainability [32]. Even within the literature on sustainability-oriented AI, this
dynamic is beginning to be recognized, although it is usually framed in terms of mitigation
strategies rather than binding constraints on computational scale [33].

Looking ahead, current regulatory and policy trajectories point towards an increasing
emphasis on AI safety, accountability, and compliance across the AI lifecycle, particularly
for large-scale and high-impact systems. While these developments are typically framed in
legal or ethical terms, they also carry important technical implications. As shown by recent
empirical work discussed above, compliance-oriented mechanisms are not computationally
neutral and tend to increase evaluation, validation, and control requirements. Strengthening
compliance is therefore likely to entail higher computational intensity at the system level,
with corresponding implications for energy use and infrastructure demand.

The central contribution of this article is to reframe the challenge of AI sustainability
as a problem of public policy design rather than technological optimization. Environmental
impacts are not an unintended side effect of AI development, but the predictable result of
governance choices that treat sustainability as external to decisions about scale, infrastruc-
ture, and deployment [4]. Without explicit mechanisms to internalize environmental limits,
AI policy will continue to reproduce patterns of omission and externalization.

From a public policy perspective, aligning AI with sustainability requires integrating
binding environmental constraints into the governance of computational systems. This
includes enforceable carbon budgets for large-scale model training, verifiable emissions
reporting obligations, environmental conditionality in public procurement and financing,
and explicit consideration of energy systems and infrastructure location in AI deployment
decisions. These measures do not eliminate political or economic tensions, but they define
the conditions under which AI development can remain physically viable.

This analysis has several limitations. First, although the article demonstrates the
existence of systematic environmental externalization between jurisdictions, it does not
quantify the magnitude of emissions growth attributable to AI deployment compared to
other digital services. Second, the analysis focuses on policy omissions, rather than specific
cases where AI has demonstrably reduced emissions through optimization applications.
These limitations point to clear avenues for future empirical research.
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Ultimately, the sustainability of artificial intelligence is not solely a question of ethical
alignment or future innovation. It is a question of whether societies are willing to govern
digital expansion within the material limits of the planetary system. Without this shift, AI
policy risks accelerating environmental pressures at precisely the moment when global
emissions must decline. Treating sustainability as a binding constraint is therefore not
an optional refinement of AI governance, but a prerequisite for ensuring that artificial
intelligence contributes to—rather than undermines—long-term sustainability goals.
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