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Abstract. ChatGPT takes the world by storm, while its environmental
impact remains a serious concern. In the absence of official data, sev-
eral researchers have tried to estimate the carbon emissions linked to
the service, with very deviating results. We reproduce three popular cal-
culations using an open data model for carbon footprint quantification.
This enables a transparent comparison of the approaches and helps to
identify their main differences and possible potential for improvement.
Our work demonstrates how open data models can be used to lead the
way to more robust carbon footprint estimation.
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digital sustainability.

1 Introduction

ChatGPT, created by OpenAI, is a publicly accessible tool that utilizes the
large language model GPT-3[14]. ChatGPT’s remarkable capability to produce
language resembling that of humans and accomplish intricate tasks represents a
noteworthy breakthrough within the realm of natural language processing and
artificial intelligence. It is estimated to have reached 100 million monthly active
users in January 2023, just two months after launch, making it the fastest-
growing consumer application in history[17].

One drawback, however, is that training extensive neural networks like GPT-
3 is known to entail considerable computational expenses, resulting in a signifi-
cant demand for energy[12]. Recent accumulation of natural disasters has accel-
erated awareness of the unfolding climate crisis and increased the drive of pol-
icymakers and society to act[16,9]. While the important role of energy-related
greenhouse gases (GHGs) in climate mitigation is well understood, quantify-
ing the specific environmental impact of goods and services remains complex[5].
Measuring the “carbon footprint” involves collecting data on GHGs from various
sources, calculating their carbon dioxide equivalent and aggregating the results.

In particular the incoming Artificial Intelligence Act in the European Union
could give the matter a boost. In Article 28b 2. (d) of an amendment which was
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adopted in June 2023 by the European Parliament, providers of large language
models (foundation models) are explicitly required to “mak[e] use of applicable
standards to reduce energy use, resource use and waste, as well as to increase
energy efficiency, and the overall efficiency of the system. [...] They shall be
designed with capabilities enabling the measurement and logging of the con-
sumption of energy and resources, and, where technically feasible, other envi-
ronmental impact the deployment and use of the systems may have over their
entire lifecycle”[11].

OpenAI has not disclosed any specific information regarding the energy con-
sumption or carbon emissions associated with its services. Therefore, various
researchers have proposed estimations of their carbon footprint in order to nar-
row the information gap and support number driven decision making.

In the absence of official carbon emission reports by OpenAI, the carbon
footprint of ChatGPT can only be estimated and extrapolated based on better
studied systems with comparable features. However, carbon footprint modeling
is a complex task which depends on many factors and includes several unknown
variables. The proposed approximations take different approaches and their re-
sults deviate considerably. The presence of distinct underlying assumptions and
variations in how the calculations are presented make it hard to evaluate and
compare the propositions.

In this paper, we study and compare three widely considered estimations
of ChatGPT. In the next section, we briefly introduce our methodology. After-
wards, we outline the approaches in detail. Finally, we compare the outcome and
discuss the different estimates.

2 Methodology

We selected three carbon footprint studies for ChatGPT and reproduce each of
them. For the in-depth analysis we use an open data model for carbon foot-
print quantification[15]. The advantage of formalizing the studies’ calculations
with such a methodology is to increase their accessibility. Using an open source
data viewer3 which interprets the data records, the carbon footprint scenarios
can be interactively explored in a web browser. The viewer also automatically
handles unit conversion and finds a common ground based on the availability of
emission data by type of emission. Another benefit of the data model is that ref-
erences to the source of information for all underlying assumptions upgrade the
documentation of the estimate and thus improve transparency and traceability.

It is important to note that we only examine the inference costs, i.e. the
impact on the environment that occurs during the operation of the model. The
also very high energy consumption that occurs during the training process of
the model is not considered in this paper.

3 https://github.com/borisruf/carbon-footprint-modeling-tool
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3 Carbon scenarios

In this section, we replicate the results of three popular carbon footprint esti-
mates for GPT-3, the language model used by ChatGPT. For better comparabil-
ity, we consider for all scenarios the period of January 2023, when ChatGPT is
reported to have had about 100M unique users who made 590M queries[10]. All
data records created in the course of this study have been published on GitHub
and are linked at the appropriate place in the text.

3.1 Scenario 1

Raghavenda Selvan, Assistant Professor at the University of Copenhagen, has
estimated the carbon footprint of ChatGPT for Süddeutsche Zeitung, a German
daily[6]. He concludes that emissions associated with the service could have
accounted for 24.24 kt CO2e in January 2023 (see interactive online scenario
with reproduced data model for details4).

In the absence of reliable data on the energy consumption of GPT-3, Selvan
used the freely available open source language model GPT-J as basis for his
calculation[18]. To estimate the carbon footprint Selvan ran experiments on a
local workstation. The model was initialized in half-precision (16 bit float instead
of 32 bit float) to fit into GPU memory. The average length of text generated
by the model was 230 words. The energy consumption got measured with Car-
bonTracker, a tool developed by researchers from University of Copenhagen[2].
As a result, one request to GPT-J consumed in average 0.01292 kWh.

Scaling to GPT-3, Selvan took the following factors into account: First, GPT-
J only has 6 billion parameters, whereas GPT-3 has a much larger parameter
count of 175 billion. Thus, Selvan assumes by a conservative estimate that the
larger model could require 10x additional GPUs. Second, to fit the test envi-
ronment, the GPT-J model was initialized in half-precision. The overhead of
running a full precision model compared to half precision is considered about
1.5x more. In conclusion, Selvan estimates that submitting a query to GPT-3
requires 15x more energy compared to submitting a query to GPT-J.

Finally, Selvan uses the grid emission factor for Denmark in 2020 (0.212
kgC02e/kWh) to compute the GHGs.

3.2 Scenario 2

Chris Pointon also shared some consideration about the carbon footprint of
ChatGPT[13]. Based on his calculation, the emissions linked to the service in
January 2023 would amount to 225.64t CO2e (see interactive online scenario5).

Pointon bases his calculation on a statement made by Tom Goldstein, a Pro-
fessor at the University of Maryland[4]. Based on experiments Goldstein had

4 https://borisruf.github.io/carbon-footprint-modeling-tool/index.html?

id=gpt-selvan-0
5 https://borisruf.github.io/carbon-footprint-modeling-tool/index.html?

id=gpt-pointon-0

https://borisruf.github.io/carbon-footprint-modeling-tool/index.html?id=gpt-selvan-0
https://borisruf.github.io/carbon-footprint-modeling-tool/index.html?id=gpt-selvan-0
https://borisruf.github.io/carbon-footprint-modeling-tool/index.html?id=gpt-pointon-0
https://borisruf.github.io/carbon-footprint-modeling-tool/index.html?id=gpt-pointon-0
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conducted with a modified BERT model, he estimates that if GPT-3 were exe-
cuted on a single Nvidia A100 GPU, it would require approximately 350 millisec-
onds to generate a single word[3]. Accordingly, Pointon takes the documented
energy consumption of this processor under full load (407 Watts per hour) and
concludes that one request to generate a single word consumes 0.03957 Watts[1].
Finally, he assumes that each query to GPT-3 produces in average 30 words.

Pointon expects ChatGPT to be hosted in an Azure datacenter in California
and therefore uses the grid emission factor for Western USA in 2021 (0.322167
kgC02e/kWh) to compute the emissions.

3.3 Scenario 3

Kasper Ludvigsen approximated the carbon footprint of ChatGPT in a blog
post on Towards Data Science[8]. Based on his estimation, the emissions caused
by ChatGPT could have accounted for 752.84 t CO2e in January 2023 (see
interactive online scenario6).

Ludvigsen bases his calculation on a study by Alexandra Luccioni and oth-
ers who investigated the carbon footprint of the BLOOM model[7]. With 176
billion parameters, this large language model is of similar size as GPT-3. The re-
searchers measured the energy demand while running the model during 18 days
on 16 Nvidia A100 GPUs. In total, their system consumed 914 kWh while han-
dling 230,768 requests. Based on this information, Ludvigsen derives the average
energy consumption for one query and extrapolates the total demand.

Similar to Pointon, Ludvigsen uses the grid emission factor for Western USA
in 2021 (0.322167 kgC02e/kWh) to finally estimate the emissions.

4 Comparison

A summary of key assumptions and results of the three scenarios can be found
in Table 1. For a more interactive comparison, we refer to our online benchmark
of the different approaches7.

Overall, it can be observed that the estimates are very far apart. Scenario 1
is the most pessimistic, estimating a carbon footprint of 24.24 kt CO2e which is
over 32 times higher than Scenario 3, which predicts 752.84 t CO2e, and even
107 times higher than Scenario 2 with 225.64 t CO2e.

We noticed that Selvan uses the grid emission factor for Denmark, while
OpenAI’s servers are more likely to be located in the US, as also assumed by
the other two authors. However, since the Danish electricity grid is actually less
carbon-intensive, adjusting for this would only widen the gap.

On the other hand, Selvan assumes a response to include 230 words in av-
erage, while Pointon only calculates with 30 words. Adjusting the data model

6 https://borisruf.github.io/carbon-footprint-modeling-tool/index.html?

id=gpt-ludvigsen-0
7 https://borisruf.github.io/carbon-footprint-modeling-tool/benchmark.

html?ids[]=gpt-selvan-0&ids[]=gpt-pointon-0&ids[]=gpt-ludvigsen-0

https://borisruf.github.io/carbon-footprint-modeling-tool/index.html?id=gpt-ludvigsen-0
https://borisruf.github.io/carbon-footprint-modeling-tool/index.html?id=gpt-ludvigsen-0
https://borisruf.github.io/carbon-footprint-modeling-tool/benchmark.html?ids[]=gpt-selvan-0&ids[]=gpt-pointon-0&ids[]=gpt-ludvigsen-0
https://borisruf.github.io/carbon-footprint-modeling-tool/benchmark.html?ids[]=gpt-selvan-0&ids[]=gpt-pointon-0&ids[]=gpt-ludvigsen-0
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accordingly, Scenario 2 predicts emissions of 1.73 kt CO2e. Ludvigsen does not
specify the number of words per response.

Table 1. Key assumptions and results of the different scenarios

Reference Words Electricity grid Energy per Estimated emission
model query (kWh) in 01-2023 (CO2e)

1 GPT-J 230 Denmark (2020) 0.01292 24.24 kt
2 BERT variation 30 Western USA (2021) 0.00119 225.64 t
3 BLOOM - Western USA (2021) 0.00396 752.84 t

As basis for their estimations, all authors take the measured energy consump-
tion of openly accessible large language models. Only Selvan conducted his own
experiments, while the other two authors rely on results published by others.
The model used by Selvan has fewer parameters than GPT-3, he simply extrap-
olates his measurements by multiplying them by a factor. Pointon reconstructs
the energy consumption via an estimated query duration by another researcher
who extrapolated this value from a 3-billion parameter model. Ludvigsen takes
a model of similar size as GPT-3 as reference.

All estimates calculate the average values of individual requests and then
reuse these values to extrapolate the energy demand over a longer period of
time. It worth to note that such a practice is prone to accumulating rounding
errors.

Overall, it is obvious that due to the many unknowns in the equation, the
range of possible outcomes is very wide. Therefore, more details about the ar-
chitecture behind ChatGPT as well as usage reports are urgently needed for
making more accurate predictions.

5 Conclusion

We utilized an open data model for carbon footprint quantification to reproduce
three carbon footprint estimates for ChatGPT. We show that this approach al-
lows for a more efficient comparison of different estimation scenarios, and also
promotes discussions regarding their potential drawbacks. This finding empha-
sizes the importance of transparent and robust carbon footprint modeling.
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