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The rise of scaling and LLMs

• AlexNet (Krizhevsky et al., 2012)

“All of our experiments suggest that our results can be improved simply by

waiting for faster GPUs and bigger datasets to become available.”

• The bitter lesson (Sutton, 2019)

“...the great power of general purpose methods, of methods that continue to scale

with increased computation”

• OpenAI Scaling Laws (Kaplan et al., 2020)
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Jevons paradox

Economics: AI:

1. Efficiency of general use technology ↑ AI usage of GPUs

2. Cost of that technology ↓ GPUs of a certain efficiency

3. Demand for the cheaper technology ↑ More people using GPUs

4. Overall resource usage ↑ More GPUs needed

From Luccioni et al. (2025).
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Bigger requires more compute
Hype, Sustainability, and the Price of the Bigger-is-Better Paradigm in AI

Figure 1. An explosion in model size –
Left: The increase in model size means it
is more and more expensive to run them
in terms of RAM. Right: resources we
need are increasing faster than available
compute. Data from Epoch (2023), spe-
cific details in Appendix A.
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which have ballooned in recent years (see Figure 1).

The bigger-is-better norm is also self-reinforcing, shaping
the AI research field by informing what kinds of research is
incentivized, which questions are asked (or remain unasked),
as well as the relationship between industrial and academic
actors. This is important because science, in AI as in other
disciplines, does not happen in a vacuum – it is built upon
relationships and a shared pool of knowledge, in which prior
work is studied, incorporated, and extended. Currently, a
handful of benchmarks define how “SOTA” (state-of-the-
art) is measured and understood, and in pursuit of the goal
of improving performance on these benchmarks, scale has
become the preferred tool for achieving progress and estab-
lishing new records. Reviewers ask for experiments at a
large scale, both in the context of new models and in the
context of measuring performance against existing models
(e.g. fySy, 2024); scientific best practices call for running
experiments many times e.g. for hyperparameter selection
(Bouthillier et al., 2021). These incentives and norms con-
tribute to pushing computing budgets beyond what is acces-
sible to most university labs – which in turn makes many
labs increasingly dependent on close ties with industry in
order to secure such access (Abdalla and Abdalla, 2021;
Whittaker, 2021; Abdalla et al., 2023). Taken together, we
see the “bigger-is-better” norm in AI creating conditions
in which it is increasingly difficult for anyone outside of
large industrial labs to develop, test, and deploy SOTA AI
systems.

The bigger-is-better assumption is also prevalent beyond
the AI research community. It is shaping how AI is used
and the understandings and expectations about its capa-
bilities. Popular news reporting assumes larger amounts
of compute result in and equate to better results and com-
mercial success (Wodecki, 2023; Law, 2024). Regulatory
determinations and thresholds assume larger means more
powerful and more dangerous, e.g. the US Executive Order
on AI (Biden, 2023) and EU AI Act (Parliament, 2023) –
this broader assumption shapes markets and policy-making.

Paper outline We start by discussing why this fixation
on scale is misguided – we first examine this assumption in

terms of how, and whether, scale leads to improvement in
goal setting, finding that scale is not well correlated with
better performance in certain contexts, and in fact benefits of
scale tend to saturate. (Section 2). Then we look at harmful
consequences that result from the growth of large-scale AI.
Firstly, large scale development is unsustainable (Section 3),
and the drive for more and more data encourages unethical
and unauditable data practices (Section 4). Further, due to
the expense and scarcity of hardware and talent required to
produce large-scale AI, bigger-is-better strategies increas-
ingly concentrate power over AI in the hands of a narrow
set players (Section 5). We conclude by outlining how the
research community can reclaim the scientific discourse in
the AI field, and move away from a singular focus on scale.

2. What problems does scale solve?
2.1. Scale is one of many factors that matter

A staggering increase in scale, and cost The scale of no-
table (highly-cited) models has massively increased over the
last decade, driven by a super-exponential growth in terms
of number of parameters, and amount of compute used (Fig-
ure 1). This growth is much more rapid than the increased
capacity of hardware to execute necessary processing for
model training and tuning. Indeed, while the size of large
models, as measured by number of parameters, is currently
doubling every 5 months (subsection A.3), the cost of 1
GB of memory has been nearly constant for a decade. This
means that the resources required participate in cutting-edge
AI research have increased significantly. The compute used
to train an AI model went from a single day on a gaming
console (in 2013) to surpassing the largest supercomput-
ers on Earth (in 2020). A common response to concerns
about the exponential growth of compute requirements is a
reference to Moore’s law2 – i.e. that computational power
will also increase, and this will help ensure that compute
remains accessible (see Sutton, 2019). However, this is not
true in practice, since compute requirements for SOTA mod-
els are surpassing improvements in computational power.

2Moore’s law is an observation that states that the number of
transistors on a microchip doubles roughly every two years.

2

From Varoquaux et al. (2025).
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Data requirements

Hype, Sustainability, and the Price of the Bigger-is-Better Paradigm in AI

increase the environmental costs of our day-to-day computer
use significantly. The impact of a models’ inference may
seem a trifle compared to say a plane ride, however here
again the challenge comes from the huge number of times
they can be used. Data centers are already putting notice-
able pressure on electricity networks of modern countries
such as the US (Nicoletti et al., 2024), leading tech compa-
nies to fund nuclear power plants for their exclusive usage
(Mandler, 2024). Taking a step back, according to recent
figures, global data centre electricity consumption repre-
sents 1-1.3% of global electricity demand and contributes
1% of energy-related greenhouse gas emissions (Hintemann
and Hinterholzer, 2022; Copenhagen Centre on Energy Ef-
ficiency, 2020). It is hard to estimate what portion of this
number is attributable to AI. However, a recent report from
the International Energy Agency estimates that electricity
consumption from data centres and AI is set to double in 2
years, surpassing that of Japan (1 000 TWh) in 2026. (IEA,
2024).

4. Consequence 2: More data, more problems
As ML datasets grow in size (Figure 5), they bring a slew
of issues ranging from documentation debts to a lack of
auditability to biases. We discuss these below.

Data size in tension with quality In recent years, pretrain-
ing has become the dominant approach in both computer
vision (Szegedy et al., 2015; Redmon et al., 2016) and natu-
ral language processing (Devlin et al., 2018; Liu et al., 2019).
This approach requires access to large datasets, which have
grown in size, from millions of images for datasets such as
ImageNet (Deng et al., 2009) to gigabytes of textual docu-
ments for C4 (Raffel et al., 2020) and billions of image-text
pairs in LAION-5B (Schuhmann et al., 2022). The premise
of pretraining is that more data will improve model perfor-
mance and ensure maximal coverage in model predictions,
with the assumption that the more data used for pretraining,
the more representative the model’s coverage will be of the
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# samples

Figure 5. A sharp increase in amount of data used for training
Details in Appendix A.

world at large. However, numerous studies have shown that
neither image nor text datasets are broadly representative,
reflecting instead a select set of communities, regions and
populations (Dodge et al., 2021; Rogers, 2021; Raji et al.,
2021; Luccioni and Rolnick, 2023). In fact, recent research
on the LAION datasets showed that as these datasets grow
in size, the issues that plague them also multiply, with larger
datasets contain disproportionally more problematic content
than smaller datasets (Birhane et al., 2023). Thiel (2023) re-
ported that the LAION datasets included child sexual abuse
material, prompting the datasets to be taken down from
several hosting platforms. But with dozens of image gen-
eration models trained on LAION variants, some already
deployed in user-facing settings, it is hard to assess and mit-
igate the negative effects of this grim reality (Sambasivan
et al., 2021).

While a growing wave of research has proposed a more
‘data-centric’ approach to data collection and curation (Zha
et al., 2023; Mitchell et al., 2022), attempts to actually doc-
ument the contents of ML datasets have been hampered by
their sheer size, which requires compute and storage beyond
the grasp of most members of the ML research commu-
nity (Luccioni and Viviano, 2021), before the challenges
of classifying and understanding the contents of a given
dataset are even addressed. As the field works with ever
larger datasets, we are also incurring more and more ‘doc-
umentation debt’ wherein training datasets are too large to
document both during creation and post-hoc (Bender et al.,
2021). In a nutshell, this means that we do not truly know
what goes in to the models that we rely on to answer our
questions and generate our images, apart from some high-
level statistics. And this, in turn, hampers efforts to audit,
evaluate, and understand these models.

Invasive data gathering From a privacy perspective, the
perceived need for ever-growing datasets implicitly incen-
tivizes more pervasive surveillance, as companies gather
our clicks, likes and searches to feed models that are then
applied to sell us consumer products or impact the order
the search results that we see. In fact, the majority of the
revenue of the Big Tech companies leading the AI revolu-
tion comes from targeted advertising - representing 80%
of Google’s (Alphabet, 2023) and 90% of Meta’s (Meta,
2023a;b) annual revenue in 2022.

Also, while much of ML data gathering efforts have been
operating under the assumption that copyright laws do not
apply for data gathered from the Internet and used to train
ML models (or, at the least, that training ML models con-
stitutes ‘fair use’), last year has seen a series of copyright
lawsuits filed against many companies and organizations.
This includes lawsuits from authors, artists and newspapers
(Small, 2023; Schrader, 2023; Grynbaum and Mac, 2023).
While is is too early to tell what the verdicts of these law-

7

One consequence: companies turning to potentially immoral/illegal data gathering
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Cost and academiaHype, Sustainability, and the Price of the Bigger-is-Better Paradigm in AI

suits will be, they will undoubtedly impact on the way in
which ML datasets are created and leveraged. The Euro-
pean Union’s General Data Protection Regulation (GDPR)
law sets some limitations in terms of data gathering and
privacy in the EU, even if unevenly enforced. However,
the United States and many other jurisdiction have yet to
pass federal privacy laws, offering their citizens little to no
privacy protection against predatory data gathering practices
and surveillance, which the rush to scale AI incentivises.

5. Consequence 3: Narrow field, few players
5.1. Scale shouldn’t be a requirement for science

The bigger-is-better paradigm shapes the AI research field,
yet we are in a moment where expensive and scarce infras-
tructure is viewed as necessary to conduct cutting-edge AI
research and where companies are increasingly focused on
providing resources to large-scale actors, at the expense of
academics and hobbyists (Moss, 2018). Recent research
argues that “a compute divide has coincided with a reduced
representation of academic-only research teams in com-
pute intensive research topics, especially foundation mod-
els.” (Besiroglu et al., 2024, p.1) We also see evidence of
this in the way in which the AI field is both growing–as
measured by number of PhDs in AI, and shrinking–as mea-
sured by graduates remaining in academia. Stanford HAI
(2023) reports that “the proportion of new computer science
PhD graduates from U.S. universities who specialized in AI
jumped to 19.1% in 2021, from 14.9% in 2020 and 10.2% in
2010.”. This dynamic sees academia increasingly marginal-
ized in the AI space and reliant on corporate resources to
participate in large-scale research and development of the
kind that is likely to be published and recognized. And it
arguably disincentives work that could challenge the bigger-
is-better paradigm and the actors benefiting from it.

5.2. Scale comes with a Concentration of power

The expense and scarcity of the ingredients needed to build
and operate increasingly large models benefits the actors
in AI that have access to compute and distribution markets.
This works to concentrate power and influence over AI,
which, in turn, provides incentives for those with sufficient
resources to perpetuate the bigger-is-better AI paradigm in
service of maintaining their market advantage.

The scale game benefits large players Market concentra-
tion is apparent in compute resources, and is most evident
when examining Nvidia GPUs. The cost and scarcity of
these resources make it increasingly difficult for an aca-
demic lab, or even most startups, to purchase and rack suffi-
cient hardware on premises. An H100, currently Nvidia’s
most powerful chip, costs up to $40,000. Recent shortages
in chips have intensified the gap between the “GPU rich”
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Figure 6. The increase in training costs leaves many aside

and “GPU poor” (Barr, 2023) – notably, this constrained
supply has benefited the large cloud providers who have
privileged access to such hardware (Bornstein et al., 2023).

For training and deploying large models, most AI practition-
ers operating outside of large cloud companies must rent
access to compute from these companies. Since the cost
of training ML systems has grown exponentially, this can
entail costs for large scale models in the tens to hundreds of
millions of dollars, which is beyond the budget of the vast
majority of academic researchers (Figure 6). However, tech
companies are more able to invest this money to fuel their
AI research and competitiveness – Meta alone is estimated
to have spent $18 billion on GPUs in 2024 (Hays, 2024),
while OpenAI announced early 2025 StarGate, a joint ven-
ture with SoftBank, Oracle, and MGX, planning more than
$ 100 billion AI-infrastructure investments (OpenAI, 2025),
bigger than the GDP of most countries in the world. While
AI startups continue to raise significant capital, the majority
of this capital (“up to 80-90% in early rounds”) is paid to
cloud providers (Bornstein et al., 2023). Notably, the flow
of capital here is often circular: three large cloud compa-
nies “contributed a full two-thirds of the $27bn raised by
fledgling AI companies in 2023” (Hammond, 2024).

These circular investment deals can blur the boundary be-
tween “investment” and “acquisition”. For instance, the
deal between Microsoft and OpenAI (currently under in-
vestigation by the FTC, Federal Trade Commission, 2024),
involved providing OpenAI access to Azure compute, in
exchange for exclusive license to integrate OpenAI’s GPT
models, and a promise of $1 trillion in profit delivered to
Microsoft prior to any revenue being directed to OpenAI’s
social mission.

Shaping practices and applications AI dominance is one
factor that has helped vault companies into shapers of global
economic forecasts and markets. The S&P 500, used by US
investors as an index of market performance, is significantly
shaped by the fates of large US tech companies (Rennison
and Murray, 2023). This indicates that the interests of large

8
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Training time for BLOOM

From Luccioni et al. (2023)

Estimating the Carbon Footprint of BLOOM

carbon footprint of training a Transformer model [33], more recent studies have also looked at other model architectures
and their ensuing emissions [28, 25]. Other studies have pursued a broader analysis of trends in terms of the energy
requirements and CO2 emissions of ML models in general [34, 36, 27]. While some studies predict a growth in terms
of carbon emissions of ML models [34], others have predicted that emissions will shrink in coming years [27]; further
work is therefore needed to get additional estimates from a broader variety of models and use cases.

Tools for Estimating Carbon Impact Another relevant research direction has pursued the development of tools for
estimating the CO2 emissions of training ML models, resulting in several tools created for this purpose. Some of these
run in parallel to model training code and track its energy consumption and CO2 emissions (e.g. [30, 1]), while others
can be used post-training in order to produce a more high-level estimate of emissions (e.g. [18]). However, these tools
remain seldom used for reporting the CO2 emissions in ML publications, and a recent study has found that they vary
significantly in terms of the estimates that they produce [3].

Additional Factors Complementary work has also been done on other contributions to the overall carbon footprint of
ML, ranging from the carbon footprint of in-person versus virtual conference attendance [31] to the manufacturing of
computing hardware [12] as well as the life cycle analysis of the entire ML development and deployment cycle [21] and
the certification of ML systems according to their social and environmental impacts [11]. Increasingly, scholars have
adopted a broader perspective on considering the environmental impacts of ML models, going above and beyond only
the CO2 emissions of model training and considering aspects such as equipment manufacturing and deployment [36, 15].
However, there is still a need for a common approach in terms of estimating and comparing the carbon emissions of ML
models which spans these different parts of the model life cycle.

3 Background and Methodology

3.1 The BLOOM Model

The BigScience Large Open-science Open-access Multilingual Language Model (BLOOM) is a 176 billion parameter
language model. It was trained on 1.6 terabytes of data in 46 natural languages and 13 programming languages as part
of the BigScience workshop, a year-long initiative that lasted from May 2021 to May 2022 and brought together over a
thousand researchers from around the world. The BigScience workshop was granted access to the computing resources
of the Institut du développement et des ressources en informatique scientifique (IDRIS) of the Centre national de la
recherche scientifique (CNRS) in France, which meant that model training was carried out on the Jean Zay computer
cluster of IDRIS. We present some key numbers about BLOOM model training in Table 1 below, and refer readers
to [5, 19] for additional information about model architecture and training.

Total training time 118 days, 5 hours, 41 min
Total number of
GPU hours 1,082,990 hours

Total energy used 433,196 kWh
GPU models used Nvidia A100 80GB
Carbon intensity
of the energy grid 57 gCO2eq/kWh

Table 1: Key statistics about BLOOM model training – for more details about our methodology, see Section 4.2.

While training the model was the culmination of the BigScience project, many other efforts were needed to achieve this
goal. This includes initiatives such as: data sourcing, collection and processing, tokenization, architecture engineering
and evaluation. Additionally, in the months preceding the final BLOOM training, several smaller-scale experiments
were launched in order to evaluate different model sizes and architectures, which helped converge on the final BLOOM
architecture. In the results that presented in Section 4, we report the carbon emissions produced by the final 176B
parameter BLOOM model, whereas the emissions of intermediate model training and evaluation carried out within the
scope of the BigScience project are presented in Section 5.2.

3.2 Methodology

While there is no universally-accepted approach for assessing the environmental impacts of ML models, we strive
towards adopting the widely-used Life Cycle Assessment (LCA) methodology, which aims to cover all stages of the life
cycle of a product or process [16]. While we do not have all of the necessary information to carry out a "cradle-to-grave"
assessment of BLOOM (which would consider the environmental impacts of all processes from raw material extraction

2

Model: 176B parameters Training time ≈ 4 months

Training data: 1.6TB (Laurençon et al., 2022) ≈ 379B tokens (Workshop et al., 2022)

GPU hours ≈ 123 years → so used 384 GPUs

Carbon emissions ≈ 27 tonnes ≈ driving a car NYC to San Francisco 31 times
9
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Carbon emissions

Estimating the Carbon Footprint of BLOOM

5.1 Comparisons with other LLMs

A few recent LLM papers reported the carbon footprint of model training, including notable models such as OPT-
175B [37], GPT-3 [28] and Gopher [29]. However, since the accounting methodologies for reporting carbon emissions
are not standardized, it is hard to precisely compare the carbon footprint of BLOOM to that of these models. In this
section, we will try to disentangle the different factors for each model: (1) the energy consumption of model training,
(2) the CO2eq emissions produced by dynamic consumption during training, and (3) the CO2eqemissions produced via
dynamic consumption while taking into account datacenter PUE (i.e. overhead) as well. We present these numbers in
Table 4, in which numbers in italics indicate numbers that have been inferred based on the information provided in the
papers accompanying these models, without being stated explicitly in articles and documentation.

Model
name

Number of
parameters

Datacenter
PUE

Carbon intensity
of grid used

Power
consumption

CO2eq
emissions

CO2eq
emissions × PUE

GPT-3 175B 1.1 429 gCO2eq/kWh 1,287 MWh 502 tonnes 552 tonnes
Gopher 280B 1.08 330 gCO2eq/kWh 1,066 MWh 352 tonnes 380 tonnes

OPT 175B 1.09 2 231gCO2eq/kWh 324 MWh 70 tonnes 76.3 tonnes 3

BLOOM 176B 1.2 57 gCO2eq/kWh 433 MWh 25 tonnes 30 tonnes

Table 4: Comparison of carbon emissions between BLOOM and similar LLMs. Numbers in italics have been inferred
based on data provided in the papers describing the models.

We can see that BLOOM training resulted in less than half of the emissions of the closest comparable model, OPT
(which emitted 70 tonnes compared to BLOOM’s 25 tonnes), and 20 times less than GPT-3 (502 tonnes). This can be
explained in large part by the carbon intensity of the energy source used for training, given that the carbon intensity of
the electric grid powering Jean Zay is 57 gCO2eq/kWh, compared to 231 gCO2eq/kWh for OPT, 429 gCO2eq/kWh
for GPT-3 and 330 gCO2eq/kWh for Gopher. Comparing the raw energy consumption of the models is interesting as
well because we can see that BLOOM actually consumed slightly more energy than OPT – 433 MWh compared to
OPT’s 324 MWh, despite their proximity in size and training set up. Of course, there are also other factors that should
be considered when comparing the energy consumption of models, such as the type of hardware used, the number of
tokens seen by the model, the model architecture, etc., so an exact comparison is difficult, and it is useful to consider all
of the characteristics described above when comparing models.

Finally, as we mentioned in Section 4.3, the carbon footprint accounting approach proposed by Patterson et al. [28]
includes datacenter PUE, which is not always taken into account by other models. In order to allow a fair comparison,
we attempt to disaggregate model carbon emissions with and without taking PUE into account in Table 4. Since the
PUEs of datacenters used for training ML models are relatively efficient and very similar (ranging from 1.08-1.2),
their contribution to the overall carbon footprint of model training is relatively small. However, as we have shown in
Section 4, these numbers represent a small part of the actual carbon emissions and environmental impacts of training ML
models, given that the reflect neither the embodied emissions nor the emissions due to model inference and deployment.
In the next section, we attempt to go one step further by estimating the carbon footprint of intermediate experimentation
and evaluation processes run within the scope of the BigScience workshop and how they compare to that of training the
final BLOOM model.

5.2 Carbon Footprint of the BigScience Workshop

The training of the 176B parameter BLOOM model represents only part of the experiments that were run on the Jean
Jay computing cluster as part of the BigScience workshop. In fact, if we consider the totality of experiments run by
members of the BigScience project, they add up to a total of 3.46 million GPU hours (2.2 million hours of which used
V100 GPUs and 1.24 million hours used A100 GPUs), which represents an electrical consumption of 1,163,032 kWh
of electricity and approximately 66.29 tonnes of CO2eq emitted via dynamic power consumption. We break down this
total into its different components, including the final BLOOM training, in Table 5, below.

It is interesting to note that experimenting with intermediate models (such as the 104B, 13B and 1B models) add up
to a total of 35.8 tonnes of CO2eq, which is more than the training of the final model. This is slightly higher than the
estimate made by the authors of the OPT paper, who stated that the total carbon footprint of their model is roughly
2 times higher due to experimentation, baselines and ablations [37]. However, training these models allowed us to
converge on the architecture and hyperparameters of the final BLOOM model, and many of these intermediate models
were also shared with the community (e.g. BLOOM 1B and BLOOM 3B). Other processes that contributed to the
overall carbon emissions of the workshop included model evaluation, which emitted 2.46 tonnes of CO2eq, as well as

7

502 tonnes ≈ driving a car NYC to San Francisco 438 times

352 tonnes ≈ 401 times

70 tonnes ≈ 80 times

25 tonnes ≈ 31 times

From Luccioni et al. (2023) and Climate Impact Partners (2025)
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Emissions breakdown for BLOOM

Estimating the Carbon Footprint of BLOOM

Process CO2emissions
(CO2eq)

Percentage of
total emissions

Embodied emissions 11.2 tonnes 22.2 %
Dynamic consumption 24.69 tonnes 48.9 %
Idle consumption 14.6 tonnes 28.9 %
Total 50.5 tonnes 100.00%

Table 3: Breakdown of CO2 emissions from different sources of the BLOOM model life cycle

dynamic consumption of GPUs, as it also considers the network overhead and larger computing infrastructure without
which training cannot take place. The figures from Table 3 are similar to those provided in product carbon footprint
estimations for computing equipment (such as the one for the HPE servers used in Section 4.1 [13]), which estimate
that the embodied emissions account for approximately 20-30% of life cycle emissions, whereas use (i.e. the emissions
of both dynamic and idle consumption) are 70-80% of the total footprint. However, our estimations thus far have only
been limited to BLOOM training – in the following section, we aim to go further by doing an case study analysis of the
energy consumption and ensuing carbon emissions of model deployment.

4.4 Deployment and Inference

In order to attempt to estimate the carbon emissions incurred by deploying BLOOM, we ran the CodeCarbon tool [18]
on a Google Cloud Platform (GCP) instance with 16 Nvidia A100 40GB GPUs, where BLOOM was deployed via
an inference API, and tracked the energy usage of the instance over a period of approximately 18 days. The model
received an average of 558 requests per hour, which were handled in real time (i.e. without any batching), for 230,768
requests in total. While this is not necessarily representative of all deployment use cases, it is an example of real-time
deployment of LLMs in applications such as chatbots, where they are expected to respond to a constant, varying flux of
user queries. It also provides a useful data point for starting to measure the carbon emissions of ML model inference,
which has not been the focus of much research to date.

Figure 2: The fluctuation of mean power used to power the 16 Nvidia A100 GPUs running the BLOOM model API,
with the mean power consumption in red (1664W) in dotted red.
As it can be seen in Figure 2, during the 18 day period for which we carried out our analysis, the power consumed by
the compute instance running the BLOOM model fluctuated between 1252 W to 2735 W – divided by the 16 GPUs
that were used, this amounts to 78-171W per GPU, which is significantly less than the TDP of this type of GPUs
(400W). This indicates that the GPUs are not being used at maximum capacity, which is coherent with the nature of
API deployment – since inference requests are unpredictable, optimization of GPU memory using techniques such as
batching and padding, which are the norm during training, is not possible, and the GPUs remain idle in between user
requests.

5

Embodied: producing the computing equipment

Dynamic: power needed for training

Idle: the broader infrastructure staying on

From Luccioni et al. (2023).
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Inference energy usage for BLOOM API

Estimating the Carbon Footprint of BLOOM

In total, the instance used for the BLOOM model API consumed 914 kWh of electricity – of this amount, 22.7% was
consumed by the RAM (207.2 kWh), 2% by the CPU (18.5 kWh) and 75.3% by the GPU (688.38 kWh). It is hard to
disaggregate this number into idle versus dynamic consumption because we do not have access to the GCP platform as
we did for Jean Zay, but we can nonetheless compare the energy consumed by the instance versus the number of requests
that it received. We do so in Figure 3, where we plot the number of incoming requests to the BLOOM inference API
and the energy consumption of the GCP instance where it is running. It can be seen in the Figure that even when there
are almost no incoming requests during a 10 minute interval, there is still ∼0.28kWh of energy that is consumed during
this interval, which represents the energy consumption of the model when it is not responding to any user requests.
While more experimentation is needed in order to further disaggregate these numbers, we believe it is worth noting the
high proportion of energy dedicated to maintaining a LLM like BLOOM in memory (approximately 75% of the total
energy consumed by the instance), without it being used. Going further, given that the GCP instance used for deploying
the BLOOM model is running in the us-central1 region, which has a carbon intensity of 394 gCO2eq/kWh [10],
this results in approximately 19 kgs of CO2eq emitted per day of API deployment, or 340 kg over the total period
during which we were tracking emissions.

Figure 3: The quantity of energy used by the GCP instance (on the y axis) versus the number of requests received by
the instance in a 10 minute interval (on the x axis). It can be seen that even when zero requests are received by the
instance in this time span (bottom left of the graph), the energy consumption remains at approximately 0.28 kWh.

Given the many different combinations of configurations that can be used for deploying ML models, ranging from
the hardware used for deployment to the batch size of inferences and the region where the model is running, the use
case that we describe above is one among many. However, it is a useful starting point to estimate the carbon emissions
involved in deploying ML models, which are lacking in the field. While a 2019 article estimated that 80–90% of
Nvidia’s ML workload is inference processing [20] – a figure that was cited in a recent article by Patterson et al [28],
a recent publication by Meta reported that inference accounted for approximately one-third of their end-to-end ML
carbon footprint while the remainder owes to data management, storage, and training [36]. We hope that the rough
estimates we provide above shed some light on this question and plan on pursuing this avenue of research further in our
future research endeavors, which we discuss in more detail in Section 5.3.

5 Discussion and Future Work

The main contribution of the present article is to define and connect the different sources of carbon emissions involved
in training and deploying BLOOM, a 176B parameter language model. While we try to be as precise as possible in
our calculations, they remain an estimate based on the information available and that which we have access to. In the
current, final section of our article, we will compare our estimate to that of recent similar LLMs, attempt to estimate the
dynamic consumption of all processes run within the scope of the BigScience workshop and discuss next steps and
improvements that can be made to our approach to guide future work in the area.

6

Deployed on Google Cloud

From Luccioni et al. (2023).
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Inference emissions across tasks

Power Hungry Processing: Watts Driving the Cost of AI Deployment?

ALEXANDRA SASHA LUCCIONI and YACINE JERNITE, Hugging Face, Canada/USA

EMMA STRUBELL, Carnegie Mellon University, Allen Institute for AI, USA

Fig. 1. The tasks examined in our study and the average quantity of carbon emissions they produced (in g of𝐶𝑂2𝑒𝑞) for 1,000 queries.
N.B. The y axis is in logarithmic scale.

Recent years have seen a surge in the popularity of commercial AI products based on generative, multi-purpose AI systems promising
a unified approach to building machine learning (ML) models into technology. However, this ambition of “generality” comes at a steep
cost to the environment, given the amount of energy these systems require and the amount of carbon that they emit. In this work, we
propose the first systematic comparison of the ongoing inference cost of various categories of ML systems, covering both task-specific
(i.e. finetuned models that carry out a single task) and ‘general-purpose’ models, (i.e. those trained for multiple tasks). We measure
deployment cost as the amount of energy and carbon required to perform 1,000 inferences on representative benchmark dataset using
these models. We find that multi-purpose, generative architectures are orders of magnitude more expensive than task-specific systems
for a variety of tasks, even when controlling for the number of model parameters. We conclude with a discussion around the current
trend of deploying multi-purpose generative ML systems, and caution that their utility should be more intentionally weighed against
increased costs in terms of energy and emissions. All the data from our study can be accessed via an interactive demo to carry out
further exploration and analysis.
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Inference emissions from general-purpose vs. task-specific models

Power Hungry Processing ACM FAccT ’24, June 3–6, 2024, Rio de Janeiro, Brazil

generate 4-10g of𝐶𝑂2𝑒𝑞 for 1,000 inferences, while multi-purpose models emit 20-30g for the same task. The difference
appears to mostly come from model size – all of the task-specific summarization models we looked at were 600 million
parameters at most, compared to the larger multi-purpose architectures, which attained the 11 billion parameters.

We also carry out an evaluation of both the task-specific and multi-purpose models examined in our study to
ensure that they have comparable performance. For task-specific models, we used the evaluate library [52] and the
LM Evaluation Harness [14] for zero-shot models. Fundamentally speaking, it is hard to compare task-specific and
multi-purpose models using the same metrics, given that task-specific models have a much more constrained decision
space (e.g. two classes in the case of binary text classification), whereas multi-purpose models have a large output
vocabulary to choose from, and are dependent upon the prompt schema and prompting strategy used. However, by
utilizing two standardized packages (evaluate and lm-evaluation-harness) and keeping the prompting approach
stable across zero-shot models, we endeavor to standardize our evaluation approach as much as possible.

Fig. 4. Model size, measured in number of parameters (x axis, logarithmic scale) and text classification accuracy (y axis), with dot size
indicating the quantity of emissions (logarithmic scale).

We hone in on one specific task, text classification, in Figure 4, which illustrates the relationship between model
size (x axis, in logarithmic scale), accuracy (y axis) and emissions (dot size, in logarithmic scale). Among task-specific
encoder models, we observe that accuracy varies more widely, i.e. there are several smaller models of similar size and
comparably small amounts of carbon emissions, with widely varying levels of accuracy. The multi-purpose models
vary less in terms of accuracy, having higher average accuracy overall. Both sequence-to-sequence and decoder-only
models produce comparable amounts of emissions (several orders of magnitude more than task-specific models).We can
see that mid-size multi-purpose models (in the 3B parameter range) may have slightly better accuracy compared to
both larger and smaller models. However, given the many caveats and specificities involved in multi-purpose LLM
evaluation, this difference may not be significant. We present the full results of our evaluation, which include the other
2 tasks, in Section B in the Supplementary Materials.

9

Dot size indicates quantity of emissions (log scale)

From Luccioni et al. (2024).
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General-purpose model inference emissions by task

Power Hungry Processing ACM FAccT ’24, June 3–6, 2024, Rio de Janeiro, Brazil

Fig. 5. A plot of the total emissions (in grams of𝐶𝑂2𝑒𝑞) for 1,000 inferences for all multi-purpose models.

BLOOMz
560M

BLOOMz
1B

BLOOMz
3B

BLOOMz
7B

Flan-T5
base

Flan-T5
large

Flan-T5
xl

Flan-T5
xxl

dataset input output output output output output output output output
IMDB 58.73 1.64 2.61 1.72 1.53 1.00 1.00 1.00 1.00
Rotten

Tomatoes 30.08 1.00 0.99 1.03 1.00 1.00 1.00 1.00 1.00

SST 2 28.35 0.98 0.99 1.01 1.02 1.00 1.00 1.00 1.00
SciQ 113.12 1.28 1.25 1.10 1.10 2.03 5.41 3.12 2.42

SQuAD 134.00 1.93 1.96 2.02 1.95 2.01 2.15 2.16 2.13
SQuAD 2 115.85 2.33 2.54 2.58 2.41 2.28 2.74 2.71 2.58
CNN 54.00 12.05 11.91 11.73 10.34 8.52 11.34 11.34 10.68

SamSUM 47.82 9.54 9.41 9.75 9.85 10.56 11.05 10.18 10.57
XSum 53.85 11.53 12.22 11.94 11.92 12.95 13.62 13.49 13.09

Table 4. Average input and output length (in number of tokens) for the 8 zero-shot models and 9 tasks examined as part of our study.
The darker the cell, the more carbon was output by the model for the task.

Fig. 6. A plot of the output length (X axis) and carbon emissions (Y axis) for the summarization task. The symbol refers to the type of
architecture (BLOOMz vs Flan-T5), symbol size references the relative model size (in terms of the number of parameters), and color
the input length.

including model size and output length. This would indicate that more careful consideration is needed when making
11

From Luccioni et al. (2024).
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US Data Center Electricity Consumption 2023

2024 United States Data Center Energy Usage Report 53

2023 is driven by both a rapid proliferation of AI servers and well as continued growth in
conventional server energy demand. Storage electricity continues to increase, but at a rate
slower than server growth, causing the storage proportion of total data center energy to begin
to slightly decrease as AI servers begin to impact the total server stock. Networking electricity
use remains flat around 3% from 2014 to 2022, then begins to grow in 2023 with the
introduction of InfiniBand switch units. Infrastructure energy accounts for 40% of total electricity
in 2014, then falls to 30% in 2023 as the national average PUE improves, as previously shown
in Figure 4.7. The falling PUE is driven by two main factors, PUE improvements across all data
center types and the increase in proportion of servers installed in facilities with lower PUE
(hyperscale, colocation), as shown in Figure 5.7. Additionally, Figure 5.6 shows that the total
range of energy use growth for 2024 and 2028 is highly dependent on the quantity and
operation of AI servers.

Figure 5.6. Total data center electricity use from 2014 through 2028 by equipment type.

19/02/2026, 17:48 2024 United States Data Center Energy Usage Report

https://escholarship.org/uc/item/32d6m0d1#page=50 54/81

From Shehabi et al. (2024).
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Water consumption

Sustainability 2015, 7 11266 

 

 

Therefore, a simpler, less data-limited, method for approximating the useful work done in a DC is 

power use effectiveness (PUE), as developed by the Green Grid [44]. In this metric, work done is 

represented simply by the electricity going to the IT equipment. This metric is much more readily 

available and more useful if one does not want to exhaustively determine how efficient the IT equipment 

and software itself is but rather how efficient the surrounding DC infrastructure is; including heating, 

ventilation, and air conditioning (HVAC). Here DC operators have more control and can deliver 

environmental innovation more readily. 

Clearly, the question of the denominator of the WF is a challenging one. As with WF scoping above, 

it is wise to deploy different measures for different research objectives. Overall, however, it can be seen that 

WF can be used easily in WUE as a good measure of total facility water use. Clearly, WF is also compatible 

with IT equipment energy use as a proxy for useful work done. Later, values for DC WF will be expressed 

in the above formulae (i.e., WF and WUE) and units (i.e., per IT energy used and per outbound bits). 

3. Data Center Structure and Water Footprint of Its Components 

Figure 1 depicts a schematic of the components of a typical DC. It highlights some of the key drivers 

of DC WF which are elaborated below: IT equipment; heating, ventilation, and air conditioning (HVAC) 

systems; climatic conditions (psychrometrics); uninterruptible power supply equipment; and the energy 

source portfolio. After a brief overview of each component’s function and typical mechanism for 

generating water footprint, a more detailed review of uncertainties involved in the WF of energy use and 

HVAC systems follows. 

 

Figure 1. DC components and DC WF drivers: HVAC, Climate, and Energy Sources. 

3.1. IT Equipment and Uniterruptible Power Supply 

IT equipment covers a DC’s servers and communications equipment. Servers store and process data 

while the communications equipment sends and receives it. This component is “mission-critical”, 

meaning that proper functioning must be absolutely guaranteed. A serious failure of the IT equipment 

From Ristic et al. (2015).
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US Data Center Water Consumption 2023

2024 United States Data Center Energy Usage Report 56

are expected to consume between 60 and 124 billion liters.

Figure 5.9. Direct water consumption by data center type.

Indirect Water Consumption and Emissions from Electricity Use
Indirect water use and GHG emissions associated with electricity use represent impacts
occurring at the power generation source. The U.S. has over 12,000 utility-scale power plants
using fossil fuels, nuclear, and renewables, each with unique water and emissions footprints
(EIA 2022). Water usage during power generation varies based on the type of energy and the
plant's efficiency. Water consumption refers to the amount of withdrawn water that is
permanently removed from the immediate water cycle due to evaporation or other irreversible
processes. Thermoelectric plants require significant cooling, while hydroelectric reservoirs lose
water through open surface evaporation, leading to water consumption that impacts local
resources. GHG emissions are primarily attributed to combustion from fossil-fuel-based (coal,
natural gas, and petroleum) electricity generators, which account for more than 99% of
emissions associated with electricity generation (EIA 2022). The water consumption and GHG
emissions embedded in electricity use depend on the fuel type, technology, and the location of
generation.

Balancing authorities manage the electrical grid, ensuring that electricity demand and supply
balance within a specific portion of it. They oversee generation and coordinate electricity
transfers with neighboring areas. Balancing authorities represent the most detailed level of the
electricity grid, managing real-time electricity supply and demand through internal generation
and external transfers. The water and emissions associated with electricity used by data

19/02/2026, 17:48 2024 United States Data Center Energy Usage Report

https://escholarship.org/uc/item/32d6m0d1#page=50 57/81

Usage in 2023: 66B liters ≈ 26k olympic-size swimming pools

From Shehabi et al. (2024).
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Scaling and generalisation

ACL 2025 Theme: Generalization of NLP Models

• Question to discussion panel:

If I worked with SLMs, would you accept my papers?

20



Recommended Reading & Resources i

1. Hype, Sustainability, and the Price of the Bigger-is-Better Paradigm in
AI (Varoquaux et al., 2025)

• General overview of many of the issues

2. Power Hungry Processing: Watts Driving the Cost of AI Deployment (Luccioni
et al., 2024)

• Analysis of inference-time energy usage and emissions

3. BLOOM and the BigScience initiative

• BLOOM: A 176B-parameter Open-Access Multilingual Language Model (Workshop

et al., 2022)

• The BigScience Roots Corpus: A 1.6 TB Composite Multilingual Dataset (Laurençon

et al., 2022)
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Recommended Reading & Resources ii

• Estimating the carbon footprint of BLOOM, a 176B parameter Language

Model (Luccioni et al., 2023)

4. From Efficiency Gains to Rebound Effects: The Problem of Jevons’ Paradox in
AI’s Polarized Environmental Debate (Luccioni et al., 2025)

• Interesting discussion on many impacts of AI on environment, economy, and society

5. Mapping 1,000+ Language Models via the Log-Likelihood Vector (Oyama et al.,
2025)

• Table 10 in the Appendix lists 1018 LMs along with their size and number of

downloads (popularity)

6. On the Dangers of Stochastic Parrots: Can Language Models Be Too
Big? (Bender et al., 2021)

• Seminal paper on issues with scaling and LMs
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Recommended Reading & Resources iii

7. Gary Marcus’ blog on AI

• Game over for pure LLMs. Even Turing Award Winner Rich Sutton has gotten off

the bus. https:

//garymarcus.substack.com/p/game-over-for-pure-llms-even-turing

• “Scale is All You Need” is dead https:

//garymarcus.substack.com/p/breaking-news-scale-is-all-you-need

• How Generative AI is destroying society https:

//garymarcus.substack.com/p/how-generative-ai-is-destroying-society

8. Epoch AI Table of Models: https://epoch.ai/data/ai-models

23

https://garymarcus.substack.com/p/game-over-for-pure-llms-even-turing
https://garymarcus.substack.com/p/game-over-for-pure-llms-even-turing
https://garymarcus.substack.com/p/breaking-news-scale-is-all-you-need
https://garymarcus.substack.com/p/breaking-news-scale-is-all-you-need
https://garymarcus.substack.com/p/how-generative-ai-is-destroying-society
https://garymarcus.substack.com/p/how-generative-ai-is-destroying-society
https://epoch.ai/data/ai-models


References i

Emily M Bender, Timnit Gebru, Angelina McMillan-Major, and Shmargaret Shmitchell. 2021. On the dangers of

stochastic parrots: Can language models be too big?. In Proceedings of the 2021 ACM conference on

fairness, accountability, and transparency, pages 610–623.

Website: Climate Impact Partners. 2025. The carbon footprint of ai.

Jared Kaplan, Sam McCandlish, Tom Henighan, Tom B Brown, Benjamin Chess, Rewon Child, Scott Gray, Alec

Radford, Jeffrey Wu, and Dario Amodei. 2020. Scaling laws for neural language models. arXiv preprint

arXiv:2001.08361.

Alex Krizhevsky, Ilya Sutskever, and Geoffrey E Hinton. 2012. Imagenet classification with deep convolutional

neural networks. Advances in neural information processing systems, 25.
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Leandro Von Werra, Chenghao Mou, Eduardo González Ponferrada, Huu Nguyen, et al. 2022. The

bigscience roots corpus: A 1.6 tb composite multilingual dataset. Advances in Neural Information Processing

Systems, 35:31809–31826.

24

https://www.climateimpact.com/news-insights/insights/carbon-footprint-of-ai/


References ii

Alexandra Sasha Luccioni, Emma Strubell, and Kate Crawford. 2025. From efficiency gains to rebound effects:

The problem of jevons’ paradox in ai’s polarized environmental debate. In Proceedings of the 2025 ACM

conference on fairness, accountability, and transparency, pages 76–88.

Alexandra Sasha Luccioni, Sylvain Viguier, and Anne-Laure Ligozat. 2023. Estimating the carbon footprint of

bloom, a 176b parameter language model. Journal of machine learning research, 24(253):1–15.

Sasha Luccioni, Yacine Jernite, and Emma Strubell. 2024. Power hungry processing: Watts driving the cost of ai

deployment? In Proceedings of the 2024 ACM conference on fairness, accountability, and transparency,

pages 85–99.

Momose Oyama, Hiroaki Yamagiwa, Yusuke Takase, and Hidetoshi Shimodaira. 2025. Mapping 1,000+

language models via the log-likelihood vector. In Proceedings of the 63rd Annual Meeting of the Association

for Computational Linguistics (Volume 1: Long Papers), pages 32983–33038, Vienna, Austria. Association

for Computational Linguistics.

Bora Ristic, Kaveh Madani, and Zen Makuch. 2015. The water footprint of data centers. Sustainability,

7(8):11260–11284.

25

https://doi.org/10.18653/v1/2025.acl-long.1584
https://doi.org/10.18653/v1/2025.acl-long.1584


References iii

A Shehabi, A Newkirk, S Smith, A Hubbard, N Lei, M Siddik, B Holecek, J Koomey, E Masanet, and D Sartor.

2024. 2024 united states data center energy usage report.

Richard Sutton. 2019. The bitter lesson. Incomplete ideas.
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