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ABSTRACT

Over the past decade, the banking sector has become a key actor in the sustain-
ability transition through the measurement of financed emissions (Scope 3) and
the decarbonisation of portfolios. At the same time, however, artificial intelli-
gence (AI) solutions have been proliferating rapidly in the operations of credit
institutions — from customer-service chatbots and credit-risk models to agentic
systems that automate multiple steps of business workflows. The energy and re-
source requirements of these applications constitute a dynamically growing com-
ponent of the sector’s own environmental footprint that has so far received little
attention. This study has three objectives. First, it reviews the international lit-
erature and measurement methodologies concerning the lifecycle environmental
impacts of Al systems, including training, inference, embodied emissions, and
water and resource consumption. Second, it examines how current trends in the
adoption of Al in banking - particularly the growing use of generative and agen-
tic AI - affect credit institutions’ Scope 2 and Scope 3 emissions categories and,
through an exploratory document analysis of the 2025 disclosures of nine credit
institutions, provides empirical evidence that Al-related energy consumption
cannot currently be identified in prevailing reporting practices. Third, it propos-
es a methodological framework for quantifying the “banking AI footprint” and
integrating it into sustainability reporting (CSRD/ESRS). The study argues that,
alongside the narrative of “greening by AI”, the sector must also institutionalise a
“greening of AI” perspective: without energy-related criteria being incorporated
into AI procurement decisions, model sizing, and cloud-service agreements, digi-
tal transformation may undermine the credibility of banks” own climate targets.
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1 INTRODUCTION

Over the past decade, the debate on the role of the financial sector in climate pol-
icy has focused almost exclusively on the indirect environmental impact of banks
arising from their financing activities. This is understandable: the greenhouse gas
(GHG) emissions profile of credit institutions is dominated by so-called financed
emissions associated with lending and investment portfolios (Scope 3, Category
15), whereas direct emissions from their own operations (Scope 1) and indirect
emissions associated with energy consumption (Scope 2) generally account for
a negligible share (PCAF, 2022). Previous research analysing the ESG disclosure
practices of major Hungarian banks has likewise focused primarily on portfolio-
level risks and the substantive maturity of disclosures (Véneki-Lamanda, 2020),
while the literature on green financial innovation has typically treated technology
as an instrument for achieving sustainability objectives rather than as a source of
environmental impacts (Horvath, 2022).

This approach, however, is becoming increasingly incomplete. The digital trans-
formation of the banking sector — the strategic framework for which had already
been outlined in Hungarian academic literature prior to the emergence of genera-
tive AI (Vives, 2019) — entered a new phase with the generative artificial intel-
ligence wave that began in late 2022, making the financial sector one of the most
intensive corporate adopters of the technology (ECB, 2024). The international in-
stitutional literature identified the opportunities and risks associated with the use
of Alin banking at an early stage (EBA, 2020; FSB, 2017; Konigstorfer-Thalmann,
2020; OECD, 2021), while recent systematic reviews document a broad spectrum
of applications ranging from bankruptcy prediction and risk management to the
optimisation of customer relationships (Aldasoro et al., 2024; Cao, 2022; Fares
et al., 2023; Liilok-Sebestyén, 2025). According to data from the Evident AI In-
dex, which measures the AI maturity of the world’s largest banks, the number of
publicly announced AT applications in banking has been increasing quarter by
quarter, and in the first quarter of 2026, nearly one-third of new use cases were
so-called agentic applications that automate multiple steps of a workflow rather
than a single task (Evident, 2026).

Meanwhile, the energy requirements of the computing infrastructure underpin-
ning Al applications have become one of the fastest-growing components of glob-
al electricity demand. The long-term growth trajectory of energy consumption by
information and communication technologies (ICT) had already been identified
in the literature in the mid-2010s (Andrae-Edler, 2015; Belkhir-Elmeligi, 2018;
Jones, 2018; Malmodin-Lundén, 2018), while several authors had also drawn at-
tention to the depletion of efficiency gains and to methodological debates sur-
rounding such estimates (Freitag et al., 2021; Koomey et al., 2011; Masanet et al.,
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2020; Mytton-Ashtine, 2022). Generative Al has altered this trajectory: according
to estimates by the International Energy Agency (IEA), global electricity con-
sumption by data centres could increase from approximately 415 TWh in 2024
to around 945 TWh by 2030, with AI workloads accounting for the largest share
of this growth (IEA, 2025); in the United States, data centres’ share of national
electricity consumption could rise from 4.4% in 2023 to as much as 12% by 2028
(Shehabi et al., 2024). The projected trajectory is illustrated in Figure 1.

Figure 1
Global electricity consumption of data centres and projected trajectory,
2020-2030 (TWh/year)
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Source: Author’s compilation based on IEA (2025); the 2024 and 2030 values are IEA estimates, while
the intervening years represent an interpolated trajectory.

At the intersection of these two trends lies the subject of this study: the banking
sector’s own Al footprint, i.e. the environmental impacts — primarily in terms of
energy, carbon, water and resource use — arising over the full lifecycle of Al sys-
tems developed, procured and operated by credit institutions. The issue is timely
for several reasons. First, although banks’ own operational emissions are small in
absolute terms compared with financed emissions, the pace of Al adoption may
alter the structure and dynamics of both Scope 2 emissions and Scope 3 emissions
associated with purchased services, with implications for the achievability of net-
zero commitments concerning own operations (net zero own operations). Second,
the European Union’s sustainability reporting (CSRD/ESRS) and AI regulatory
frameworks (Regulation (EU) 2024/1689, hereinafter as: the AI Act) both contain
- in some respects still evolving — energy-related transparency requirements that
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also apply to banks as AI deployers. Third, from the perspective of the sector’s
reputational risk, it is not sustainable in the long term for an asymmetry to persist
whereby banks require their clients to provide detailed climate data and transi-
tion plans while reporting little or no information on the environmental impacts
of their own digital operations.

Against this background, the study’s central research question is: how can the
environmental footprint of a bank’s AI portfolio be defined and integrated into
corporate GHG accounting and sustainability reporting? This question is ex-
plored through three sub-questions: (i) where should the accounting boundaries
be drawn, i.e. which lifecycle elements and impact pathways should be included in
the banking footprint (Sections 2 and 5.1); (ii) what data sources are actually avail-
able, and what methodological limitations do they entail (Sections 2.3 and 2.4);
and (iii) how does the accounting approach differ depending on how access to Al
is provided - through proprietary infrastructure, cloud services, or API-based
model services (Section 5.1)?

It is important to clarify the empirical status of the study. Section 3.3 presents
an exploratory document analysis of the disclosures of nine credit institutions
for the 2025 financial year, examined according to a common set of criteria. The
sample is small, non-random and not representative of the Hungarian banking
sector; its purpose is to determine whether current disclosure practices make the
AT footprint visible in principle, rather than to measure its magnitude. The study
does not include measurements based on banks’ energy consumption or emis-
sions data, nor has the proposed framework been empirically validated. The nu-
merical example for a banking group with 5,000 employees presented in Section
5.2 is purely a stylised illustration intended to demonstrate the applicability of
the framework and the order of magnitude of parameter uncertainty; its values
should not be interpreted either as an estimate for any specific institution or as
sector-level data.

Accordingly, the study’s primary contribution is conceptual and methodological
and consists of two elements. First, it synthesises dispersed findings from three
strands of the literature. Second - and this constitutes the backbone of the study -
it develops the three-tier accounting framework set out in Section 5, differentiated
according to the mode of access (proprietary infrastructure, cloud services, API-
based model services), with an associated Scope classification, explicit system
boundaries, and a range-based, scenario-based estimation procedure, together
with a proposal for integrating the framework into sustainability reporting. The
empirical review in Section 3.3 does not validate this proposal; rather, it provides
a rationale for its necessity.

The study is structured as follows. Section 1.1 documents the methodology used
for source collection. Section 2 reviews the conceptual frameworks and measure-
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ment methodologies for assessing the environmental footprint of AI systems,
with a separate section evaluating the customer-level carbon allocation practices
of cloud service providers. Section 3 analyses international and domestic trends
in the adoption of Al in banking along dimensions relevant to environmental im-
pacts and empirically examines the visibility of the Al footprint through a review
of the 2025 disclosures of nine credit institutions. Section 4 sets out the relevant
provisions of the regulatory framework, including the AI Act, the CSRD/ESRS
and related data-centre regulations. Section 5 proposes a methodological frame-
work for estimating the banking AI footprint, illustrated by a numerical example.
Section 6 examines the question of net impact - the balance between Al applica-
tions that support sustainability and AT’s own environmental footprint. Section 7
discusses expected development trajectories and the associated management and
regulatory recommendations, while Section 8 concludes the study.

1.1 Methodology of the study and the source collection process

The study adopts the methodology of a targeted narrative literature review, aimed
at developing a conceptual framework and proposing a methodologys; it is not a
systematic review and does not seek to provide a comprehensive, protocol-driven
survey of the relevant literature. This choice of approach is justified by the inter-
disciplinary nature of the subject: the research question lies at the intersection of
three strands of literature that have hitherto had little interaction with one an-
other - the computer science and energy research addressing the environmental
impacts of Al the financial literature on AI adoption in banking, and the litera-
ture on ESG reporting and climate regulation — where a systematic search based
on a uniform set of keywords would not achieve comprehensive coverage.

Sources were collected from the Scopus, Web of Science and Google Scholar da-
tabases, as well as from the official publication platforms of the institutions con-
cerned (IEA, OECD, BIS, ECB, EBA, European Commission, National National
Bank of Hungary). Searches were conducted using English- and Hungarian-lan-
guage keywords, both individually and in combination. The main search terms
were: Al energy consumption, carbon footprint of machine learning, green Al data
centre electricity demand, inference energy, embodied emissions computing, Al in
banking, generative Al financial services, Scope 3 financial institutions, CSRD ESRS
climate disclosure, EU Al Act energy, and, in Hungarian, mesterséges intelligencia
bankszektor, karbonldbnyom, ESG-kizzététel. The review of Hungarian-language
literature was supplemented by a thematic survey of the archives of Hitelintézeti
Szemle, Gazdasdg és Pénziigy and Vezetéstudomdny.
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The time frame was differentiated by source category. For technological and
energy-related sources, we limited the review to the period 2015-2026, as meas-
urements of the energy requirements of deep learning from earlier periods are
not relevant given current model sizes; no time limit was applied to foundational
conceptual and accounting works (such as the GHG Protocol); while for sources
concerning AT adoption in banking and the regulatory environment, given the
rapid pace of change in these fields, we primarily considered publications from
after 2020, with particular emphasis on the most recent publications available.

The selection criterion was relevance to the intersection of the fields: we included
all sources that (i) address the measurement of the energy or emissions impacts
of AI systems, (ii) address the application of AI in the financial sector, or (iii)
address the regulatory and reporting interface between the two, and whose find-
ings can be interpreted at the level of credit institution operations. We excluded
works dealing solely with model architecture, algorithmic performance or the
methodology for financed emissions where they had no environmental or own-
operations dimension.

The study distinguishes three types of sources and assigns them different eviden-
tiary weight. (a) Peer-reviewed academic sources — journal articles and conference
papers — which provide the empirical and conceptual basis for the argument. (b)
Institutional and regulatory documents (IEA, OECD, BIS, ECB, MNB, EU legal
sources and standards), which serve as primary sources for describing the regu-
latory environment and energy-related aggregates. (c) Industry and consultancy
analyses (Evident, McKinsey), which are not subject to academic peer review,
whose data-collection methodologies are only partially publicly available, and
whose full databases are accessible only by subscription; these are used solely to
illustrate the scale and direction of market adoption and are not assigned inde-
pendent evidentiary weight. This distinction is also reflected in the bibliography
through square-bracketed labels.

The limitations of the review follow from the chosen methodology: source selec-
tion is not protocol-driven, and therefore selection bias on the part of the au-
thors cannot be ruled out; the status of rapidly evolving regulatory documents
(in particular, the 2026 Commission consultation and the related standardisation
process) reflects the state of affairs prevailing at the time the manuscript was fi-
nalised; and the literature data on specific energy values are themselves subject to
significant methodological uncertainty, as detailed in Section 2.3.
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2. THE ENVIRONMENTAL FOOTPRINT OF AI SYSTEMS:
CONCEPTUAL FRAMEWORKS AND MEASUREMENT
CHALLENGES

2.1 Energy requirements of the Al lifecycle: training and inference

An analysis of the environmental impact of AI systems should appropriately be-
gin from a lifecycle perspective. From an energy perspective, two principal opera-
tional phases can be distinguished in the lifecycle of machine learning models,
and particularly large language models (LLMs): training and inference.

The energy requirements of the training phase have increased markedly with
the growing size of models. Strubell et al. (2019) were among the first to draw
widespread attention to the carbon cost of training natural language processing
models, demonstrating that training a single large model in combination with
hyperparameter optimisation could result in GHG emissions comparable to the
full lifecycle emissions of several passenger cars. This phenomenon is under-
pinned by the exponential growth in the computational requirements of machine
learning — which has doubled every few months since the 2010s (Sevilla et al.,
2022) - while the marginal cost of improvements in accuracy has been rising in-
creasingly steeply in computational and energy terms (Thompson et al., 2021).
The environmental and social costs of the “bigger is always better” development
paradigm were also addressed early in the critical literature (Bender et al., 2021;
Crawford, 2021), giving rise to the “Greening of AI” research agenda, which seeks
to elevate computational efficiency alongside accuracy as a primary criterion for
scientific evaluation (Schwartz et al., 2020). Quantification has also been sup-
ported by methodological tools: calculators have been developed for estimating
the emissions associated with machine learning experiments (Lacoste et al., 2019),
alongside systematic reporting frameworks (Henderson et al., 2020). Later esti-
mates suggest that training the GPT-3 model required approximately 1,300 MWh
of electricity, corresponding to several hundred tonnes of CO, emissions depend-
ing on the carbon intensity of the electricity mix used (Patterson et al., 2021);
a detailed lifecycle analysis of the open-source BLOOM model further demon-
strated that, in addition to operational energy consumption, embodied emissions
and idle power consumption also constitute material components (Luccioni et al.,
2023). Training, however, is a one-off cost - or a recurring cost for each new model
version - that is incurred primarily by foundation model providers; the vast ma-
jority of banks do not train their own foundation models, but instead fine-tune
pre-trained models or access them through APIs or cloud services.
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From the perspective of the banking Al footprint, the inference phase is there-
fore the more significant one: every query, document analysis, code-generation
task or chatbot interaction consumes computational capacity and energy, and this
consumption may scale faster than linearly as the number of uses increases, for
example in the case of longer context windows or multi-step agentic workflows.
According to measurements by Luccioni et al. (2024), individual inference opera-
tions performed by general-purpose generative models can be orders of magni-
tude more energy-intensive than those performed by conventional task-specific
models, while research estimates indicated already at an early stage of the tech-
nology’s development that, with mass adoption, aggregate energy consumption
from inference could exceed that associated with training (de Vries, 2023; Desisla-
vov et al., 2023; Wu et al., 2022). According to the widely cited comparison by the
IEA (2024), the electricity requirement per generative Al query may be nearly an
order of magnitude higher than that of a conventional internet search; although
the methodologies and precise numerical values underlying individual estimates
are subject to debate (Dhar, 2020; Freitag et al., 2021), the overall direction - the
dominance of inference in cumulative consumption - is widely accepted in the
literature. The differences in specific energy consumption across task types, span-
ning several orders of magnitude, are illustrated in Figure 2; this also indicates
the energy-related implications of banking model portfolio management (see Sec-
tion 5.3).

Figure 2
Specific energy requirements of inference by task type (kwh/1,000 inferences,
logarithmic scale)
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2.2 Beyond direct energy consumption: embodied emissions,
water and resource use

The AI footprint cannot be reduced to operational electricity consumption. At
least three additional impact pathways can be identified.

First, embodied emissions, which arise from the manufacture, transportation and
end-of-life treatment of specialised hardware (graphics processing units /GPUs/,
accelerators, servers, network and cooling infrastructure). Industry analyses in-
dicate that the share of the manufacturing phase within the total lifecycle emis-
sions of IT equipment is continuously increasing, and that the relative impor-
tance of embodied emissions in hyperscale Al infrastructure will continue to rise
in parallel with the decarbonisation of electricity grids (Gupta et al., 2021; Wu
et al., 2022), while accelerating hardware cycles (frequent generational replace-
ment of Al accelerators) further increase the significance of this component, and
manufacturers’ lifecycle data remain only partially available (Green Software
Foundation, 2026). The broader resource implications of AI’s physical infrastruc-
ture, extending from rare-earth extraction to electronic waste, are documented
in detail in the critical literature (Crawford, 2021).

Second, water consumption. Depending on the cooling technology and geograph-
ical location, cooling data centres may involve significant direct water consump-
tion, supplemented by the indirect water requirements of electricity generation
(Mytton, 2021; Siddik et al., 2021). According to estimates by Li et al. (2023), the
training and operation of large language models could generate a global water
footprint on the order of several billion cubic metres by the middle of the decade;
in the case of capacity located in water-stressed regions, this may also become a
source of local sustainability and social conflict.

Third, network and system-level impacts. The geographical concentration of data
centres has become a structural factor affecting electricity-grid demand in cer-
tain regions; in Ireland, for example, data centres account for a share of national
electricity consumption reaching as much as one fifth, while in the United States,
data-centre demand has become an independent planning factor in federal en-
ergy policy (Shehabi et al., 2024). At the system level, according to the IEA’s pro-
jections, a significant share of the additional demand from data centres over the
period to 2030 will still be met by fossil-fuel sources, meaning that AI expansion
- without being balanced by clean energy — may make it more difficult to achieve
climate targets (IEA, 2025).
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2.3 Measurement methodologies and accounting challenges

There is currently no uniformly accepted mandatory methodology for measuring
the AI footprint at the corporate level; several partially overlapping frameworks
are competing with one another, while measurement and reporting gaps are also
identified by the international policy literature as a major constraint in the field
(OECD, 2022).

The general framework for corporate carbon accounting is provided by the GHG
Protocol, which classifies emissions into direct emissions (Scope 1), emissions as-
sociated with purchased energy (Scope 2), and other indirect emissions (Scope
3) (WRI-WBCSD, 2004). The banking AT footprint can in principle be situated
within this framework, but practical allocation is not straightforward: AT work-
loads operated on an institution’s own server infrastructure constitute a Scope
2 item, whereas Al services accessed through the cloud or via APIs fall within
Scope 3 Category 1 (purchased goods and services) — precisely the category that
service-intensive companies typically cover using the most rudimentary, cost-
based estimates. AI adoption is therefore partly “invisible” from the perspective
of banks” emissions inventories: under current disclosure practices, increasing
consumption of cloud-based Al typically does not appear as a separate item based
on quantitative data.

Pointing towards software-specific measurement is the Software Carbon Inten-
sity (SCI) methodology developed by the Green Software Foundation and based
on the ISO/IEC 21031:2024 standard. Its Al extension (SCI for AI) converts en-
ergy consumption into emissions using location-specific grid carbon-intensity
factors, takes into account embodied emissions over the hardware lifecycle, and
defines standardised functional units to facilitate the comparability of Al systems
(Green Software Foundation, 2026). On the research side, systematic reviews of
the “Greening of AI” literature document a rapidly expanding yet fragmented eco-
system of measurement tools, efficiency techniques and reporting practices (Ver-
decchia et al., 2023), while consistent energy reporting has been proposed for insti-
tutionalisation as a quality standard in machine learning research (Henderson et
al., 2020). Methodological adaptation of lifecycle assessment (LCA) to Al solutions
has likewise been undertaken, specifically to uncover the hidden impacts of Al ap-
plications designed for environmental purposes (Ligozat et al., 2022).

Among the practical obstacles to measurement, transparency asymmetry is
particularly significant: the vast majority of banks’ AI consumption is realised
through a small number of major cloud and model service providers, which pro-
vide customer-level energy or emissions data only to a limited extent, using differ-
ent methodologies (market-based versus location-based Scope 2) and at different
levels of granularity. As a result, banks as AI deployers typically have to rely on
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estimates whose input parameters (specific energy values based on tokens, que-
ries or GPU-hours) are themselves subject to substantial uncertainty (Luccioni et
al,, 2024; OECD, 2022).

2.4 Cloud service provider carbon allocation: theoretically
measurable and practically available data

Since the vast majority of the banking AI footprint is realised through cloud or
model services, the practical question of measurability ultimately comes down
to this: what data does the service provider make available to the customer, and
according to what methodology are those data generated? A comparison of the
customer-level carbon allocation tools of the three major cloud service provid-
ers shows that there is a significant gap between theoretical measurability and
practical data accessibility, and that this gap is not neutral from the perspective
of banks.

The fundamental allocation problem. A cloud service provider’s own emissions
are aggregated: they consist of energy consumption measured at datacentre, clus-
ter or regional level and purchased electricity. These emissions must be allocated
to individual customers according to some allocation key, typically in proportion
to the resource hours used. Allocation decisions, however, are not neutral: AWS’s
Version 2.0 methodology, for example, also allocates the estimated emissions as-
sociated with unused capacity proportionally among all customers (AWS, 2025)
- an approach that is methodologically defensible, but means that a customer’s
footprint partly depends on factors over which it has no influence.

Market-based accounting as a key issue. The most significant methodological is-
sue is the choice between the market-based and location-based approaches to ac-
counting for Scope 2 emissions. The market-based approach takes the provider’s
renewable energy purchases (PPAs, guarantees of origin) into account, meaning
that in regions covered by renewable energy contracts, the Scope 2 emissions al-
located to a customer may even fall to zero — while the workload physically con-
sumes electricity from the same grid, with its carbon intensity unchanged. From
a bank’s perspective, this means that its reported Al footprint can be reduced
drastically simply by changing service provider or region, without any reduction
in actual physical emissions. This is precisely why the CSRD requires disclosure
of Scope 2 emissions using both the market-based and location-based methods;
according to the proposal advanced in this study, both values should likewise be
reported when estimating the banking Al footprint, with the difference between
them treated as separate information requiring interpretation.
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Asymmetries in data availability. The practices of the three providers differ mate-
rially. Google Cloud Carbon Footprint reports both Scope 2 approaches in paral-
lel, uses hourly grid emissions factors and machine-level consumption data for
location-based calculations, and provides breakdowns by project, product and
region, as well as database export functionality — while the provider itself states
that, unlike the company’s audited, top-down footprint, these customer-level re-
ports have not undergone third-party verification (Google Cloud, 2026). For a
long time, AWS’s tool reported only market-based Scope 1-2 data and did not
include embodied or other upstream emissions; the Version 3.0 methodology,
which was third-party-verified, extended the reporting in 2025 to material Scope
3 categories — upstream emissions associated with energy procurement, cradle-
to-gate embodied emissions of IT hardware, and emissions associated with build-
ings and equipment — with embodied items amortised over the useful life of the
assets (six years for IT hardware and fifty years for buildings) (AWS, 2025). There
is, however, a material time lag in the data: Scope 2 data are updated monthly,
with a delay of approximately three months. Microsoft’s Emissions Impact Dash-
board covers all three Scopes and both Scope 2 approaches, but access is depend-
ent on the type of contract and requires a separate licence, which may constitute
a practical constraint for smaller institutions.

Implications for banking practice. Three conclusions follow from this. First, cus-
tomer-level data obtained from different service providers cannot be aggregated
without methodological harmonisation, as they are based on different allocation
keys, different Scope 2 definitions, different scopes of coverage and different veri-
fication statuses; accordingly, the data source and methodological choice must
be documented in detail in the bank’s emissions inventory. Second, the data are
historical and subject to delays and are therefore unsuitable on their own for op-
erational decision-making - for example, selecting the region in which a model
is run; the carbon-aware scheduling discussed in Section 7.2, together with real-
time data on grid carbon intensity, provides a basis for such decisions. Third (and
this is the most important limitation), these provider tools are designed for infra-
structure-level (IaaS/PaaS) usage and currently do not extend to model services
accessed via APIs, identified as the third mode of access in Section s.1. Yet this is
precisely the layer in which banks’ generative AI use is concentrated. The gap be-
tween theoretically measurable and practically available data is therefore greatest
precisely where the banking AI footprint is growing most rapidly - this is the gap
that Section 7.4 proposes to address through contractual data-provision clauses
and collective action at sector level.
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3 AI ADOPTION IN THE BANKING SECTOR: THE DEMAND
SIDE OF THE FOOTPRINT

3.1 International trends

The banking sector is one of the leading adopters of generative Al in corporate
applications. International institutions had already analysed the transformative
impact of AI on the financial system before the current wave (FSB, 2017; OECD,
2021), while the European Central Bank identified the rapid adoption of genera-
tive AI by banks as a development relevant to financial stability as well (ECB,
2024). Systematic reviews of the academic literature document rapidly expanding
fields of research on commercial banking applications (Kénigstorfer-Thalmann,
2020), customer relationship solutions (Hentzen et al., 2022) and financial Al
techniques (Cao, 2022; Milana-Ashta, 2021), while the intersection of banking
operations research and Al has been identified as a distinct discipline (Doumpos
etal., 2023). From the perspective of central-bank research, Aldasoro et al. (2024)
argue that Al is transforming the entire value chain of financial intermediation
- from lending and payment systems to regulatory compliance. The 2025 edition
of the Evident AI Index, which assesses the AI maturity of the world’s fifty larg-
est banks across four pillars (talent, innovation, leadership and transparency),
documents accelerating adoption across the sector (Evident, 2025). It should be
noted that the Evident and McKinsey materials are industry and consultancy
analyses, respectively, and are not subject to academic peer review; this study
uses them to illustrate the scale of market adoption rather than as methodo-
logical evidence, and their detailed databases are available only by subscription.
Three developments are particularly noteworthy from the perspective of the envi-
ronmental footprint.

First, the growing adoption of agentic AL Nearly one-third of the banking AT ap-
plications publicly announced in the first quarter of 2026 were agentic, compared
with 15% in the previous quarter (Evident, 2026). From an energy perspective,
agentic systems represent a qualitative shift: a single user request may trigger doz-
ens of model calls, tool invocations, and iterations, causing energy consumption
per task to increase several-fold compared with conventional single-turn queries.
When forecasting the banking AI footprint, the number of use cases alone is
therefore a potentially misleading indicator; weighting by compute intensity is es-
sential. The development of the share of agentic applications is shown in Figure 3.
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Figure 3
Share of agentic applications among newly announced banking AI use cases
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Second, the expanding user base. Generative Al has evolved from early, data-sci-
entist-centric applications towards general-purpose assistants (copilots) available
to the entire workforce and, according to the latest trends, from enterprise-wide
copilots towards function-specific solutions embedded in workflows (Evident,
2026). At a bank employing tens of thousands of people, aggregate inference con-
sumption resulting from widespread daily AI use may already become compa-
rable in order of magnitude to the energy consumption of conventional office IT
infrastructure.

Third, the growing importance of risk management and compliance applications.
Banks make extensive use of Al for regulatory compliance, combating financial
crime and fraud detection - the cost-efficiency benefits of which are also sup-
ported by domestic empirical literature (Benedek-Nagy, 2023) - as well as for
credit risk analysis and, importantly, for ESG data processing and the estimation
of Scope 3 emissions (BIS, 2024; McKinsey, 2024). The latter creates a paradoxi-
cal situation: the automation of sustainability reporting itself relies on energy-
intensive AI processes, as researchers at the Bank for International Settlements
(BIS) Innovation Hub also noted in connection with the Symbiosis project, ob-
serving that any application of AI entails material emissions while the decarboni-
sation of electricity grids is progressing only slowly (BIS, 2024). The concept of
“AI washing”, which has become established in Hungarian academic literature
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as well, treats the credibility of communications concerning value creation from
banks’ Alinvestments as a risk in its own right (Prisznyak, 2023); according to the
argument advanced in this study, this phenomenon also has an environmental
dimension where banks communicate the sustainability benefits of AI without
accounting for their own AI footprint.

3.2 The domestic and regional context

ATadoption in the Central and Eastern European banking sector, including Hun-
gary, is taking place with a time lag relative to the international frontrunners,
but with a similar structure: customer-service automation, fraud detection, docu-
ment processing and internal efficiency applications (development support and
reporting) predominate (Bago, 2023a; MNB, 2025). In addition to the opportuni-
ties presented by Al applications in finance (Bago, 2023a), the domestic literature
has addressed cybersecurity implications (Bago, 2023b) and the transformation of
the compliance function (Harkacsi-Szegfi, 2021); the systemic-risk implications
of dependence on technology giants have also been examined in the domestic
literature in the context of the “Too Big(Tech) to Fail” problem (Bédi et al., 2023).
The environmental footprint dimension, however, is at most addressed only tan-
gentially in these works — the present study seeks to narrow this gap, including
through the empirical review in Section 3.3.

Three domestic characteristics are particularly noteworthy from the perspective
of the footprint. First, the Al consumption of Hungarian credit institutions relies
almost exclusively on imported computing capacity: inference of large language
models typically takes place in data centres located abroad - in Western Europe
or the United States — so the associated emissions appear in the inventories of
Hungarian subsidiaries as a Scope 3 item, reflecting the carbon intensity of the
energy mix in the host countries, if they appear at all. This dependence also rep-
resents the environmental dimension of the big-tech concentration risk analysed
by Bédi et al. (2023): the measurability of the banking AI footprint depends on
the willingness of a small number of global providers to supply data. Second, the
carbon intensity of regional electricity mixes varies considerably, giving data-
residency and localisation decisions - for example, choosing processing in low-
carbon-intensity regions within the EU - measurable emissions implications.
Third, the ESG frameworks of the parent companies of Hungarian banking
groups — in line with the expectations of the green finance programme of the
National Bank of Hungary (MNB, 2024) - increasingly also include group-level
digital carbon-footprint targets, which may influence AI procurement decisions
at subsidiary banks.
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3.3 Empirical review of sustainability disclosures by Hungarian banks

Limitations of the sample and methodology

The assertion made in Section 3.2 — that energy consumption attributable to AI
remains invisible in reporting - requires empirical verification. To this end, we
conducted a documentary analysis of publicly available documents relating to the
2025 financial year from nine credit institutions. Three limitations of the sample
should be noted at the outset, as these are themselves part of the findings of the
analysis.

First, not all credit institutions publish sustainability reports. Under the appli-
cable regulatory framework, institutions operating in the form of branches are
exempt from the obligation to make entity-level ESG disclosures — the Hungar-
ian branch of ING explicitly states this, noting that ING Group applies the ESRS
on a voluntary basis (ING Bank N.V., Hungarian Branch, 2026) - while smaller
institutions become subject to the obligation only at a later stage: according to
MagNet Bank’s own disclosure, as a small and non-complex institution, it will
first be required to publish an integrated, group-level sustainability report for the
2028 financial year (MagNet Bank Zrt., 2026).

Second, even where a report does exist, it is not necessarily a standalone docu-
ment. In the sample, the typical format is a sustainability statement incorporated
into the annual report or consolidated management report (MBH Bank Nyrt.,
2026; GRANIT Bank Nyrt., 2026); the only standalone sustainability report is
that of CIB Bank, which itself states that it does not constitute an ESG report
under the CSRD, as this is prepared at group level by its parent company, Intesa
Sanpaolo, while the local document is voluntary and serves a transparency pur-
pose for Hungarian stakeholders (CIB Bank Zrt., 2026).

Third, not every institution has a downloadable document for 2025. Group-lev-
el reports are often available only as part of the parent company’s disclosures;
downloading and processing annual reports running to several hundred pages
presents technical constraints; and for some institutions, only documents of a dif-
ferent type were available, such as an investor presentation (Oberbank AG, 2026)
or a sustainability financing framework (Deutsche Bank, 2026). The sample is
therefore not representative of the Hungarian banking sector; its purpose is il-
lustrative and exploratory: to examine whether the Al footprint can, in principle,
be visible in current disclosure practices.

We analysed the documents according to five uniform criteria: (i) whether digital,
IT or data-centre energy consumption or emissions are separately identified; (ii)
which Scope 3 categories are disclosed and according to what methodology; (iii)
whether data from cloud service providers are reported; (iv) whether Al is men-



THE BANKING SECTOR'S OWN Al FOOTPRINT

tioned in connection with energy requirements; and (v) whether there are targets

relating to the digital footprint.

Results

Table 1

Analysis of the sustainability disclosures of the credit institutions examined

(financial year 2025)

Institution Document Separate digital/ Scope 3 AT’s energy
type IT energy disclosure requirements
consolidated
sustainability
MBI\? lliank report embedded none Cate(g;g[;g)only none
yrt. in the annual
report
sustainability not disclosed
GRANIT Bank statement none (E1-5 ‘not (phased none
Nyrt. embedded in the relevant’) P .
annual report introduction)
independent,
CIl;ﬁank Su:?i?i:ﬁirﬂ ty none not disclosed none
report
UniCredit Bank annual none not included in none
Hungary Zrt. report the document
disclosure voluntary,
Magl;itt Bank document as per none unaudited (PCAF, none
' CRR from 2025)
ING Bank N.V. TFRS standalone exempt from
financial . - none
HU Branch disclosure
statements
Bank of China IF%i:Eg?:f te no ESG _ none
HU Branch disclosures
statements
Oberbank AG investor none - none
presentation
Deutsche Sg;t::lrcliafle asset-side PUE _ none
Bank & threshold
framework

Source: author’s compilation based on the documents cited.
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The first and most important finding of the review is that none of the documents
in the sample separately identifies digital, IT or data-centre energy consumption,
or the emissions attributable to it. The absence of such information does not re-
sult from a scarcity of data: the energy data disclosed by the institutions provid-
ing more detailed reporting are in fact very comprehensive but are broken down
along different dimensions.

This is best illustrated by the most comprehensive publication. The MBH Group’s
total energy consumption in 2025 was 76,467.19 MWh (2024: 82,054.23 MWh),
which the report breaks down by fossil, nuclear and renewable sources, but not by
purpose of use. The text itself states that most energy consumption was attribut-
able to the utility consumption of buildings, followed by fuel consumption by the
vehicle fleet; IT does not even appear as a consumption category. The Group also
identifies group-wide energy data consolidation as a challenge in its own right,
promising a unified IT-supported system by 2026 (MBH Bank Nyrt., 2026). A
similar pattern can be observed at CIB Bank: electricity consumption in 2025
amounted to 4,921,960 kWh, while the measures resulting in savings of 383,836
kWh are, without exception, building management-related (heat pumps, LED
lighting, a building management system and window-film installation); but no
IT-related item is reported (CIB Bank Zrt., 2026).

The second finding concerns the structure of Scope 3 and confirms the allocation
analysis presented in Section 5.1: where Scope 3 is disclosed at all, it relates exclu-
sively to Category 15. The MBH Scope 3 table contains a single item, investments
(4,615,674.55 tCO,e); Category 1 (purchased goods and services), which would in-
clude cloud-based AI consumption, is not reported. The consequence in terms of
scale is that, within the Group’s total footprint of 4,630,535.72 tCO,e, its own oper-
ations (Scopes 1-2) account for only 0.32%, meaning that precisely the category in
which Al consumption would be expected to increase remains methodologically
undeveloped. GRANIT Bank, making use of the option for the phased introduc-
tion of the ESRS, does not disclose any Scope 3 emissions at all, deferring this
to its 2026 report, while it classifies the E1-5 energy consumption disclosure as
“not material” (GRANIT Bank Nyrt., 2026). MagNet Bank has applied the PCAF
methodology since 2025, but explicitly presents the resulting emissions data as
voluntary and unaudited (MagNet Bank Zrt., 2026).

The third - and, from the perspective of the study’s argument, most revealing
- finding is that AI adoption is documented in detail in these same documents,
while its energy requirements are nowhere reported. The sharpest contrast is seen
at GRANIT Bank: it was the first bank in Hungary to introduce Al-based selfie
account opening; in 2024, it launched its generative-AI-powered mortgage assis-
tant; it began developing generative-Al-based solutions for its lending processes;
it uses AI solutions to process Otthon Start loans; and in 2025 it received the
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“Al-Based Innovation of the Year” award — while the same institution discloses
neither energy consumption nor Scope 3 data (GRANIT Bank Nyrt., 2026). CIB
Bank reports the participation of 492 employees in its basic Al training and 196
in its advanced training (CIB Bank Zrt., 2026), while UniCredit introduced AI-
based voicebots and digital assistants in customer service as part of the Genesys
project (UniCredit Bank Hungary Zrt., 2026); in both cases, these are reported in
the digitalisation and human-resources sections, respectively, separately from the
environmental section. In Oberbank’s investor presentation, this phenomenon is
also evident visually: the slide presenting Al as an efficiency tool is followed by the
sustainability slide, with no connection between their content — AI forms part of
the efficiency narrative, whilst sustainability forms part of the portfolio narrative
(Oberbank AG, 2026).

Finally, the fourth finding is a documented instance of the dual position discussed
in Section 4.3. Deutsche Bank’s sustainable finance framework lists the construc-
tion, modernisation and operation of data centres as financeable sustainable ac-
tivities in the ICT section, subject to compliance with a specified PUE threshold
(Deutsche Bank, 2026). The energy-efficiency metric therefore does appear, but
on the asset side, as a customer-assessment criterion rather than as a measure
of the bank’s own operations. In its concluding statement, the same framework
acknowledges that there is no uniform market standard, that the availability of
reliable data is limited, and that different but equally acceptable measurement
techniques may produce substantially different results; this constitutes a corpo-
rate acknowledgement of the measurement uncertainty discussed in Sections 2.3
and 2.4.

Overall, the review provides empirical support for the study’s central claim: sev-
eral of the institutions examined are demonstrably intensive users of Al yet none
identifies Al-related energy consumption or emissions in its sustainability dis-
closures. The absence itself is the finding. This is not a matter of omission - the
current ESRS datapoints and established banking practice do not require such
information - but rather a structural blind spot whose significance is increasing
in parallel with the pace of adoption. The framework proposed in Section 5 is in-
tended precisely to provide a procedure for eliminating this blind spot.
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4 REGULATORY ENVIRONMENT: TRANSPARENCY
REQUIREMENTS FROM MULTIPLE DIRECTIONS

4.1 Energy-related provisions of the EU’s AI Act

The AI Act - the world’s first comprehensive, horizontal Al regulatory frame-
work — contains several provisions relating to energy in the context of the twin
(digital and green) transitions, but these primarily impose obligations on model
providers. Providers of general-purpose AI (GPAI) models are required, in the
technical documentation referred to in Annex XI to the Regulation, to record the
model’s known or estimated energy consumption; where actual consumption is
not known, the estimate may be based on the computational resources used (Eu-
ropean Parliament and Council, 2024). Article 40 of the Regulation empowers
the Commission to initiate the development of harmonised standards to improve
the resource efliciency - including energy efficiency - of Al systems, while Article
95 provides for the development of voluntary codes of conduct covering environ-
mental sustainability and energy-efficient programming.

The literature nevertheless points to significant shortcomings in the Regulation’s
environmental provisions: disclosure is made to authorities rather than publicly;
the Regulation measures energy consumption rather than actual emissions and
therefore disregards potentially order-of-magnitude differences in the carbon in-
tensity of electricity mixes; embodied emissions remain outside its scope; and, in
the absence of a uniform measurement methodology, the data are not comparable
(Green Software Foundation, 2026). Of particular relevance from the perspective
of the banking AI footprint is the fact that the GPAI Code of Practice — which op-
erationalises the requirements of Annex XI in the form of a model documentation
form and covers consumption in both the training and inference phases — allows
for an exception: a provider may be exempted from reporting energy data if it
does not have the necessary information from the partner providing the comput-
ing capacity or hardware (Green Software Foundation, 2026). This exception ef-
fectively institutionalises precisely the transparency asymmetry identified in Sec-
tion 2.3 as a major obstacle to estimating the banking footprint: the lack of data
can be passed along the supply chain, leaving the bank at the end of the chain, as
the user, reliant on estimates. In the spring of 2026, the Commission launched a
targeted consultation on a measurement framework for the energy consumption
and emissions of AI models and systems, which also serves to prepare a possible
EU Al energy and emissions label (European Commission, 2026). For banks, this
means that standardised energy data may become available on the supplier side
over the medium term, potentially improving the quality of their own footprint
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estimates significantly; obligations on the deployer side, however, remain indirect
for the time being.

4.2 CSRD, ESRS and double materiality

The Corporate Sustainability Reporting Directive (EU) 2022/2464 (CSRD) and the
European Sustainability Reporting Standards (ESRS) require large credit institu-
tions, in accordance with the principle of double materiality, to disclose material
environmental impacts, risks and opportunities, including energy consumption
and the breakdown of GHG emissions by Scope 1-3 (European Parliament and
Council, 2022). From the perspective of the Al footprint, the key issue is material-
ity: where a bank’s Al-related energy consumption and emissions from purchased
services account for a material and growing proportion of its own operational
footprint, this is difficult to disregard in the double materiality assessment from
an impact-materiality perspective. In current disclosure practice, however, digi-
tal consumption, including Al-specific consumption, is generally not reported
as a separate item - which, consistently with earlier content-analysis findings on
disclosures by major Hungarian banks (V6éneki-Lamanda, 2020), indicates that
reporting practice follows the regulatory minimum requirements and incorpo-
rates emerging areas of impact only with a time lag. The framework proposed in
Section 5 of the study provides a practical solution for making this visible.

4.3 Data centre and taxonomy links

The regulatory environment surrounding the banking AI footprint is shaped,
from a third direction, by regulation governing data-centre energy efficiency. Fol-
lowing the revision of the EU Energy Efficiency Directive, the reporting of key
energy-performance indicators for larger data centres — such as the PUE metric
measuring power usage effectiveness — has become mandatory, while some Mem-
ber States, Germany for example, have also introduced requirements concerning
the share of renewable energy and the utilisation of waste heat through their na-
tional energy-efficiency legislation. The EU Taxonomy Climate Delegated Regu-
lation also establishes the framework for assessing the taxonomy compliance of
data-centre activities. Banks occupy a dual position: they are simultaneously con-
sumers of data-centre services (through their own Al footprint) and financiers of
rapidly expanding data-centre investments — the latter being reflected in financed
emissions and warranting separate analysis.
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5 ACCOUNTING FOR THE BANKING AI FOOTPRINT:
A PROPOSED METHODOLOGICAL FRAMEWORK

5.1 Accounting boundaries and allocation

The proposed framework takes as its starting point a three-level typology of the
banking AI portfolio according to the mode of access, as this determines where
the emissions are accounted for:

1. Al operated on the bank’s own infrastructure (on-premise): consumption can
be measured (through server-level power monitoring and GPU-hour tracking);
emissions are a Scope 2 item, calculated using the carbon intensity of the bank’s
own electricity contracts (location-based and market-based).

2. Cloud-hosted, self-managed workloads (IaaS/PaaS): consumption can be es-
timated from customer-level reports provided by the cloud service provider or
from resource-usage data (vCPU-hours, GPU-hours); emissions are classified as
Scope 3, Category 1, and estimated using the provider’s region-specific carbon
intensity and PUE.

3.1 Model serving via API (SaaS/MaaS): the most difficult level to measure; es-
timates may be based on energy-intensity factors per token or per query, which
should be derived from the literature (de Vries, 2023; Luccioni et al., 2024) or,
as they become available, from service-provider disclosures. Scope 3, Category 1.

The accounting classification of embodied emissions varies depending on the
mode of access, and failure to classify them correctly can lead to systematic un-
derestimation of the inventory. In the case of own infrastructure, the bank owns
the hardware; accordingly, emissions arising from the manufacture and trans-
portation of servers, GPUs, and associated networking and cooling equipment
fall under Scope 3 Category 2 (capital goods) and are accounted for in full in
the year of acquisition, while end-of-life treatment falls under Category 5. This
is therefore not merely a qualitative consideration but an emission source that
should be quantified and included in the inventory if it is considered material.
In the case of cloud- and API-based use, by contrast, the hardware is owned by
the service provider, meaning that the embodied emissions arise within the pro-
vider’s capital goods and, if at all, are passed back to the bank through the pro-
vider’s allocation under Scope 3 Category 1; the provider methodologies discussed
in Section 2.4 therefore differ materially in whether they include the embodied
component and what amortisation assumptions they apply. At all three levels, it
is also appropriate — depending on materiality — to track water consumption as an
indicator (Li et al., 2023; Mytton, 2021), and to explicitly document data gaps re-
lating to embodied emissions (Luccioni et al., 2023; Wu et al., 2022). The proposed
accounting framework is summarised in Figure 4.
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Figure 4
Three-tier accounting framework for the banking AI footprint: access modes,
measurement approaches and GHG accounting categories

Bank Al application portfolio (by access mode)

l l l

Own infrastructure APl / model-as-a-service
(on-premise) (SaaS/MaaS)

Cloud (laaS/PaaS)

measurement: provider

measurement: server- measurement: token-
/ reports, resource-hours d

GPU-level metering query-based estimation

l \ /

Scope 2 Scope 3 - Category 1
(purchased electricity) (purchased goods and services)

Source: author’s compilation

5.2 Illustrative estimation model

The applicability of the framework is illustrated by a stylised numerical example.
Consider a medium-sized banking group employing 5,000 white-collar employ-
ees that introduces a general-purpose Al assistant. The parameters required for
the estimate are the number of queries per employee per day (q), the average elec-
tricity requirement per query for the full-service chain, including data-centre
auxiliary consumption (PUE) (e), the number of working days (d), and the car-
bon intensity of the relevant electricity mix (c). Annual Al inference emissions
are then:

E=(Ngdec)/10°, @

where E is annual emissions in ‘t” CO,e, ‘N’ is the number of users (persons), ‘q’
is the number of daily queries (queries/person/day), ‘d’ is the number of working
days (days), ‘¢’ is the specific energy requirement (Wh/query), and ‘¢’ is the grid
carbon intensity (kg CO,e/kWh). The divisor of 10° combines two unit conver-
sions: Wh>kWh (10°) and kg->tonnes (10°). The interpretation of the ‘e’ parameter
requires an independent methodological decision, as the choice of system bound-
ary can affect the result by orders of magnitude. In this study, ‘¢’ includes: (i) the
actual electricity consumption of the server and accelerator serving the model
during query processing; (ii) data-centre auxiliary consumption through the
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PUE multiplier (cooling and power-supply losses); and (iii) the allocated share of
idle and standby consumption, as well as consumption arising from redundancy
and reserved but unused capacity. It does not, however, include (iv) the energy
requirement of network data traffic between the endpoint and the data centre, (v)
consumption by the user’s end device, or (vi) broader elements of the provider’s
infrastructure that cannot be directly attributed to the workload. It should be em-
phasised that specific values taken from the literature have not been derived us-
ing uniform system boundaries: some measurements record only accelerator con-
sumption, others that of the entire server, while still others include PUE, and the
treatment of idle consumption also varies. For example, the lifecycle assessment
of the BLOOM model demonstrated that idle consumption alone can be material
in magnitude (Luccioni et al., 2023). When documenting an estimate, therefore,
the system boundary of the ‘e’ value used must be specified in detail, and specific
values from different sources cannot be combined without harmonisation. The pa-
rameters used here are: q=30 queries/day, d=230 working days, N=5,000 persons,
corresponding to approximately 34.5 million queries annually; and c=0.2-0.4 kg
CO,e/kWh, depending on the electricity mix of the serving region.

The choice of the specific e value, by contrast, opens up an uncertainty range
spanning three orders of magnitude and therefore cannot be treated as a single
“average” value. Two distinctly different measurement families can be identified
in the literature. One - the literature based on controlled measurements of open
models - gives a specific value of approximately 0.05 Wh/query for text genera-
tion (Luccioni et al., 2024; see Figure 2). The other - the literature using top-down
estimates for large, mass-deployed general-purpose assistants — uses values two
orders of magnitude higher, in the range of several watt-hours (IEA, 2024). This
difference is not a measurement error, but the combined result of three factors:
model size (the measured open models are substantially smaller than the models
underlying market-leading assistants), system boundary (the differing treatment
of idle capacity, redundancy and PUE components discussed above), and serving
efficiency (batching, caching and quantisation).

The present study therefore does not use a single range, but four explicitly derived
scenarios:

1. Small, task-specific model: — e=~0.05 Wh: classification, summarisation and
short-text generation using a distilled model, consistent with controlled measure-
ments (Luccioni et al., 2024).

2. Medium-sized model: - e~o0.5 Wh: a larger context window, longer response,
medium-sized model; one order of magnitude above the measured baseline.

3.1 Large, general-purpose assistant: — e=3 Wh: consistent with estimates reported
for mass-deployed assistants (IEA, 2024).
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4. Agentic workflow: - e=30 Wh: here, a single user query does not correspond
to a single model call. On a conservative estimate, an agentic workflow typically
involves 10—20 model calls (planning, tool use, and iterative verification), and be-
cause each step processes the growing context anew, the number of tokens pro-
cessed increases at each step. Taking the large-model call in Scenario 3 as the
basis, 10 calls x an average context size equal to the initial context size =~ 30 Why;
this value is therefore not an assumption, but an estimate derived from Scenario
3 based on the number of calls and steps.

The parameters and results of the four scenarios are summarised in Table 2.

Table 2
Four scenarios of the stylised numerical example (N=5,000 persons; q=30
queries/day; d=230 days; total of 34.5 million queries/year)

Annual
Scenario Typical e (Wh/query) cotizll:;)atlion emissions
banking use (MWh) (t CO,e, where
c=0.2-0.4)
classification,
1. Small, summarisation,
task-specific and short 0.05 1.7 0.3-0.7
model template-based
generation
. . standard text
2. Me::::;isued generation, longer 0.5 17.3 3.5-6.9
context
3.1 Large, corporate co-pilot,
general-purpose open-ended 3 103.5 20.7-41.4
assistant questions
4. Agentic 10-20 model calls,
workflow iterativeluse of 30 1035.0 207.0-414.0
tools

Source: Author’s own calculations. The system boundary in each scenario comprises server and ac-
celerator consumption + PUE + allocated idle and redundancy components.

Under these scenarios, annual energy consumption ranges from 1.; MWh to 1,035
MWh, while annual emissions range from 0.3 t CO,e to 414 t CO,e (Figure 5). The
three-order-of-magnitude variation is itself one of the study’s principal findings:
the magnitude of the banking AI footprint is determined not by the number of
users, but by the choice of model and process architecture. The same institution
with 5,000 employees, at the same intensity of use, can produce footprints dif-
fering by orders of magnitude depending on its model-sizing and agentification
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decisions; this is what gives practical significance to the efficiency lever discussed
in Section 5.3.

The example is nevertheless incomplete for three reasons. First, it covers only the
use of a general-purpose assistant and does not include document-processing or
code-generation applications. Second, it does not include embodied emissions or
fine-tuning components. Third, the number of queries itself increases dynami-
cally. The estimate should therefore always be reported as a range, specifying the
scenario and system boundary and accompanied by a sensitivity analysis (Hen-
derson et al., 2020; OECD, 2022).

Figure 5

Sensitivity analysis of the stylised numerical example across four scenarios:

annual emissions (t CO.e, logarithmic scale) as a function of specific energy
requirement (e) and grid carbon intensity (c) (N = 5,000 persons; q = 30 que-
ries/day; d = 230 days)

103 4

[ ¢ = 0.2 kg COz/kWh
I c = 0.3 kg COz/kWh
Bl c = 0.4 kg CO2/kWh

102 4

101 4

100 4

Annual emissions (t COze, log scale)

e =0.05Wh e =0.5Wh e =3Wh e =30 Wh
(small, task- (mid-size (large general- (agentic
specific model) model) purpose assistant) workflow)

Energy intensity per query (system boundary: server + PUE)

Source: Author’s own calculations and compilation; the sources and derivation of the ‘e’ values are
provided in Section 5.2.

The essence of the methodological proposal therefore lies not in a point estimate,
but in the institutionalisation of the process: (i) establishing an energy-focused in-
ventory of the AT application portfolio; (ii) using actual data for measurable (on-
premise, IaaS) items and range-based estimates for non-measurable (API-based)
items; (iii) updating the estimate annually and incorporating it into sustainability
reporting — at least at the level of methodological notes; and (iv) applying energy-
related criteria in Al procurement and architecture decisions (model-size pro-
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portionality, region selection, and contractual provisions requiring energy-data
provision by service providers).

5.3 Model sizing as an efficiency lever

From the perspective of banking practice, the greatest short-term potential for
reducing emissions lies in matching tasks and models. A significant proportion
of use cases - classification, summarisation and template-based text generation
— can be served at high quality by smaller, task-specific or distilled models whose
specific energy requirements are a fraction of those of the largest general-purpose
models (Luccioni et al., 2024; Schwartz et al., 2020). Instead of a “use the largest
model for everything” default, model portfolio management — which incorpo-
rates the energy dimension alongside risk, data-protection and cost considera-
tions - is a natural extension of banking AI governance and is consistent with
the application of efficiency techniques documented in the Green AT literature,
including quantisation, distillation, caching and batch processing (Verdecchia et
al., 2023). The elimination of redundant calls and optimisation of the number of
steps in agentic workflows also fall within this approach.

6 NET IMPACT: GREENING BY AI AND GREEN AI

The environmental balance of Al applications in banking is not one-sided. The
research community has systematically mapped the potential applications of ma-
chine learning for climate action, from energy-system optimisation to climate
modelling (Rolnick et al., 2022; Vinuesa et al., 2020), and promising applications
can also be identified in the financial sector: the literature and central-bank prac-
tice alike indicate progress in the automation of Scope 3 data collection, climate-
risk analysis, energy-efficiency optimisation and the detection of greenwashing
(BIS, 2024; Nishant et al., 2020). A review of fintech and blockchain-based green
financial solutions in Hungary also highlights the sustainability potential of the
technology (Horvath, 2022).

The “greening by AI” narrative, however, cannot methodologically be accounted
for at the expense of the “greening of AI” requirement. This pair of concepts — Al
as a tool for sustainability and AI as a sustainability problem - is also a well-
established analytical framework in the international ethics literature (Cowls
et al.,, 2023; Taddeo et al., 2021; van Wynsberghe, 2021), and the methodologi-
cal conditions for climate policy assessment were systematised by Kaack et al.
(2022): the system-level climate impact of AI can only be assessed by taking into
account the combined effects of direct (computational), indirect (application)
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and structural (behavioural, market) impacts. At the level of corporate account-
ing, the two effects fall into different categories: emissions reductions achieved
through A applications generally constitute avoided emissions, which cannot be
netted against actual Scope 2-3 items in the corporate inventory. In the com-
munications of credit institutions, therefore, the two dimensions should be kept
strictly separate; failure to do so carries a greenwashing risk, particularly in the
context of increasingly stringent supervisory scrutiny of sustainability claims and
the phenomenon of Al washing (Prisznyak, 2023). Critical literature further cau-
tions that the “green” narrative surrounding Al often obscures the technology’s
own environmental costs and the political economy of its supply chains (Brevini,
2020; Dauvergne, 2022), while it remains an open question whether AI will ulti-
mately accelerate or slow the net-zero transition (Luers et al., 2024). The rebound
effect provides a further reason for caution: according to the logic of the Jevons
paradox, efficiency gains may increase total consumption by driving growth in
the volume of use (Alcott, 2005; Sorrell, 2009), a phenomenon also supported by
experience from earlier efficiency cycles in the ICT sector (Freitag et al., 2021).

7 WHERE ARE WE HEADING? EXPECTED TRAJECTORIES,
CONCLUSIONS AND RECOMMENDATIONS

7.1 'The demand trajectory: structural growth

Available forecasts consistently point to rapid, structural growth in the bank-
ing AT footprint. On the demand side, the projected near-doubling of data-centre
electricity consumption by 2030 (IEA, 2025) and the data-centre share of national
electricity consumption in the United States potentially reaching 12% (Shehabi
et al,, 2024) define the macro trajectory, within which the centre of gravity of
consumption is expected to shift permanently from training towards inference
(de Vries, 2023; Desislavov et al., 2023). In the banking sector, this trajectory is
further steepened by the sharp increase in the share of agentic applications — from
15% to nearly one-third within a single quarter (Evident, 2026) - as the computa-
tional requirements of agentic workflows per task unit are several times those of
conventional queries. Against this background, a plausible scenario is that credit
institutions” Al-related Scope 2-3 items will expand at an annual rate of several
tens of per cent over the remainder of the decade, while other components of their
operational footprint (building energy, travel and paper use) stagnate or decline
- in other words, the share of AI within operational emissions will continue to
increase even if its absolute magnitude remains moderate for the time being.
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7.2 Technological countervailing forces: efficiency
and carbon-aware operation

The growth trajectory may be moderated by technological countervailing forces.
Improvements in hardware and algorithmic efficiency have historically been sub-
stantial (Koomey et al., 2011), and the Green AI research agenda - from model-
size reduction through quantisation to distillation - is continuing to expand the
efficiency toolKkit at a rapid pace (Schwartz et al., 2020; Verdecchia et al., 2023).
A promising direction is carbon-aware computing: rescheduling workloads
in time and space in line with the real-time carbon intensity of the electricity
grid, an approach already being deployed operationally by hyperscale providers
(Radovanovi¢ et al., 2023), while at the level of data-centre design, the joint opti-
misation of embodied and operational emissions has also emerged as an area of
focus (Acun et al., 2023). From the perspective of the banking AI footprint, this
means that provider selection and contractual terms (requiring carbon-aware
scheduling and favouring regions with low carbon intensity) may become genu-
ine, measurable differentiating factors in the coming years. Efficiency gains alone,
however, do not guarantee an absolute reduction in emissions: the literature on
the rebound effect (Alcott, 2005; Sorrell, 2009) and the current debate on the cli-
mate impact of AT (Luers et al., 2024) alike caution that cheaper computation has
historically been accompanied by even faster growth in the volume of use.

7.3 Regulatory trajectory and implications for banks

The regulatory environment is expected to become predictably more stringent
over the next three to five years. The development of harmonised energy-efficien-
cy standards under Article 40 of the AI Act and the AI energy and emissions la-
bel being prepared by the Commission (European Commission, 2026; European
Parliament and Council, 2024) are expected to make standardised supplier data
available over the medium term. The timetable is also known: by 2 August 2028,
the Commission is required to report on progress in standardisation, and this
report may provide for legally binding corrective measures if the voluntary ap-
proach proves insufficient (Green Software Foundation, 2026). This standardised
supply of data, together with the CSRD data chain (European Parliament and
Council, 2022), will convey the same expectation to banks from the perspective
of large corporate customers; supervisory interest in the concentration and op-
erational risks associated with the use of Al in banking is already evident (ECB,
2024). Three implications follow for banks. First, an institution that builds its
transparency infrastructure (Al inventory, estimation methodology, and supplier
data connections) in advance can comply with disclosures that may become man-
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datory at low marginal cost, whereas those that wait will be forced to undertake
costly retrospective reconstruction. Second, energy costs and the carbon price
will gradually become incorporated into the business case for Al applications,
meaning that the currently voluntary principle of model-size proportionality
will, over the medium term, become a matter of straightforward cost rationality.
Third, a bank capable of measuring and communicating its own AI footprint can
present itself more credibly as a financier of the sustainability transition - and
conversely, the environmental variant of AI washing (Prisznyak, 2023), namely
green Al communication without actual measurement, carries growing supervi-
sory and reputational risks.

7.4 Conclusions and recommendations

The study’s argument can be summarised in five points, which also constitute
recommendations for banking practice and regulation.

First, the banking AI footprint is still small in absolute terms, but it is the sector’s
fastest-growing operational emissions item, and its structure (cloud-based, Scope
3 in nature and dependent on supplier data) cannot be managed using conven-
tional operational-emissions management tools. Credit institutions should es-
tablish an energy-focused inventory of their AI application portfolio now, while
adoption is still in its growth phase, because retrospective reconstruction is more
costly and less accurate.

Second, the AI governance frameworks - which banks are in any event devel-
oping in order to comply with the AI Act (Harkacsi-Szegf®i, 2021) - should be
expanded to include an energy and environmental dimension: the principle of
model-size proportionality, criteria for region and provider selection, and con-
tractual requirements for suppliers to provide energy and emissions data.

Third, sustainability reporting should explicitly extend the double materiality as-
sessment to the digital footprint, including the Al-related footprint; where the
materiality threshold has not yet been reached, the trend should nevertheless be
presented voluntarily and with the methodology documented.

Fourth, at the level of the regulatory and professional community, the most im-
portant missing element is standardised energy data at the deployer level. The
preparation of an EU Al energy label (European Commission, 2026) and the
documentation obligations imposed on GPAI providers point in the right direc-
tion, but the collective bargaining power of banks as large corporate consum-
ers — for example, through the formulation of uniform supplier data-reporting
requirements at banking-association level — could in itself act as a catalyst for
transparency.
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Fifth, an open question for research is the empirical measurement of the banking
AT footprint: applying the framework proposed in this study to a sample of Hun-
garian banks, validating specific energy values, and exploring the consumption
profiles of agentic applications constitute the next steps.

8 SUMMARY

As a financier of the climate transition, the banking sector has learned to meas-
ure what was previously considered immeasurable: its customers’ emissions. The
next, smaller in scale but symbolically significant task is to transparently account
for the environmental footprint of its own digital operations. This study has pro-
posed a conceptual and methodological framework for this purpose: a three-part
typology based on the mode of access, the corresponding Scope classification and
system boundaries, and the practice of providing range-based estimates with
sensitivity analysis. The principal argument of the analysis is that the current
constraint on measurability is not theoretical but relates to data access: provider
allocation methodologies are most deficient precisely where the banking AT foot-
print is growing most rapidly, namely in API-based model services. Banks” own
AT footprint is currently just a footnote in the emissions inventory; at the current
pace of adoption, the footnote may become a chapter within a few years.

Statement on the use of AI

In preparing the original of this study in Hungarian language, I used the Ope-
nAI ChatGPT service, powered by the GPT-5.6 SOL Thinking model, to support
source collection and to review the language and style of the text. I used the tool
to identify relevant academic literature search terms, research directions and po-
tential sources, as well as to refine the language of individual sentences, improve
their style and support the editing of the text. I independently verified all sources
suggested by ChatGPT, consulted them at their original locations, and used only
sources that I had verified and considered professionally appropriate. I likewise
reviewed the linguistic and stylistic modifications suggested by the artificial in-
telligence. I take responsibility for the content of the study, its analysis, the inter-
pretation of its findings and its conclusions.
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