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ABSTRACT

Intelligent chatbots powered by large language models (LLMs) have recently been sweeping the world, with potential for a wide variety
of industrial applications. Global frontier technology companies are feverishly participating in LLM-powered chatbot design and
development, providing several alternatives beyond the famous ChatGPT. However, training, fine-tuning, and updating such intelligent
chatbots consume substantial amounts of electricity, resulting in significant carbon emissions. The research and development of all
intelligent LLMs and software, hardware manufacturing (e.g., graphics processing units and supercomputers), related data/operations
management, and material recycling supporting chatbot services are associated with carbon emissions to varying extents. Attention
should therefore be paid to the entire life-cycle energy and carbon footprints of LLM-powered intelligent chatbots in both the present
and future in order to mitigate their climate change impact. In this work, we clarify and highlight the energy consumption and carbon
emission implications of eight main phases throughout the life cycle of the development of such intelligent chatbots. Based on a life-
cycle and interaction analysis of these phases, we propose a system-level solution with three strategic pathways to optimize the
management of this industry and mitigate the related footprints. While anticipating the enormous potential of this advanced technology
and its products, we make an appeal for a rethinking of the mitigation pathways and strategies of the life-cycle energy usage and carbon
emissions of the LLM-powered intelligent chatbot industry and a reshaping of their energy and environmental implications at this early
stage of development.

1. Introduction

Intelligent chatbots powered by large language models (LLMs) have become extremely popular worldwide,
especially since the end of 2022 [1-4]. Just two months following its release as an advanced generative pretrained
transformer (GPT) tool, ChatGPT embraced 100 million users, with 590 million visits in January 2023 [5]. This
trend increased significantly as of the end of 2023, with more than 1.5 billion visits per month [6]. LLM-powered
intelligent chatbots are part of the development of generative artificial intelligence (Al). Even considering the
impacts of the coronavirus disease 2019 (COVID-19) pandemic and regional wars, generative Al has been projected
to maintain an annual growth rate of 24.4% from 2023 to 2030, corresponding to a market volume increase from
44.9 to 207.0 billion USD [7]. Within this frenzied competition, similar intelligent chatbots such as Google Bard,
Bing Chat, My Al, LLaMA, PaLM, PaLM-E, Copilot X, Ernie, Qwen-72B, and Alpaca [8] have appeared, along
with global frontier technology companies and research institutions, including Microsoft OpenAl, Google Al, Meta
Al, DeepMind, Amazon, Huawei, GitHub, Anthropic, Baidu, NVIDIA, Ali Cloud, and more, resulting in a very
large number of different choices regarding Al assistance. LLMs are accelerating and refining the world’s
development from art [1,9] to science [2,10—12].

Before ChatGPT was embedded with LLMs, conversational chatbots had already been widely applied in various
sectors, including healthcare, hospitality, public service, entertainment, education, and manufacturing [13]. There
are three main types of conversational chatbots: rule-based chatbots, live chatbots, and basic Al-powered intelligent
chatbots [13,14]. The first two types of chatbots communicate by following predetermined rules and respectively
incorporate chatbot software and human conversations to provide customer service. The third type, basic Al-
powered chatbots, promotes communications outside predefined commands without human interactions, laying the
foundation for advanced intelligent chatbots. However, the three types of conversational chatbots require much less
model training and fewer fine-tuning parameters and utilize less powerful hardware in comparison with LLM-
powered intelligent chatbots, including the recently developed ChatGPT with GPT-3, GPT-3.5, and GPT-4, which
feature a massive number of model parameters. Fig. 1 [15] shows the growth trend in the number of model
parameters in 12 representative LLMs released from 2019 to 2021, starting from DistilBERT, with 66 million
parameters, to Switch-C, with 1570 billion parameters—a remarkable increase of 23788 times within three years.
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Fig. 1. Growth trend in the number of parameters in LLMs from 2019 to 2021 (based on data retrieved from Ref. [15]).



Behind the popularity of the intelligent tools and services supported by LLMs, the related energy and
environmental impacts have been concerning [3,16]. LLM-powered intelligent chatbots consume substantial
quantities of electricity and require hardware such as graphics processing units (GPUs), tensor processing units
(TPUs), and supercomputers [16]. From a whole-system perspective, beyond software with intelligent LLMs and
hardware with GPUs, TPUs, and supercomputers, an intelligent chatbot service requires additional support such as
advanced manufacturing, logistics and facility operations management, massive data collection, data center
management, and waste management. Mitigation of the energy and environmental impacts of the LLM-powered
intelligent chatbots industry calls for consideration of the industry’s energy and resource consumption and its
environmental implications throughout the entire life cycle of its development. This work identifies major energy
usage and carbon emission phases throughout the entire life cycle of the development and application of LLM-
powered intelligent chatbots. A system-level solution targeted at associated stakeholders is proposed to assist in
optimizing the management and development of this industry. Finally, the work concludes by projecting insights
into and outlooks on new research directions.

2. Life-cycle energy and carbon footprints

2.1. Identification of life-cycle phases

Based on a life-cycle assessment (LCA) approach and following a “cradle-to-grave” analysis method, the
environmental impacts of intelligent chatbot development and application include those from resource extraction,
production, use, and disposal [17]. According to the International Electrotechnical Commission (IEC) 62890:2020
standard [18], all partners including product producers, suppliers, service providers, and users are involved in an
LCA, and design, planning, development, operations, and maintenance should be considered. Accordingly, eight
main phases are expected to be relevant to the life-cycle energy usage and carbon emission management related to
LLM-powered intelligent chatbots (Fig. 2). More specifically, these include chatbot research and development
(R&D; phase 1); hardware manufacturing (e.g., GPUs, TPUs, supercomputers, and service devices/robots; phase
2); global commercial logistics (phase 3); facility operations and maintenance (O&M; phase 4); massive data
collection and management (e.g., source data management via energy-intensive large data centers) (phase 5); LLM
training and fine-tuning (phase 6); online/offline chatbot services (phase 7); and hardware material recycling and
waste disposal at the end (phase 8).
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Fig. 2. An illustration of the life-cycle energy usage and carbon emission management related to LLM-powered intelligent chatbots,
from research and development (R&D) and hardware manufacturing to services and waste management.

2.2. Energy and carbon footprints

Thus far, estimation of the life-cycle energy consumption and carbon emissions of the LLM-powered intelligent
chatbot industry has been an open question, with limited data and information available about the overall energy
consumption and carbon emissions of this industry. Moreover, embodied energy consumption and carbon emissions
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are closely related to global trading, LLM training, and chatbot online services, the tracking of which is challenging.
Carbon footprint quantification results for the autoregressive LLM named BLOOM indicated that its embodied
emissions, idle consumption-related emissions, and dynamic consumption-related emissions accounted for 22.2%,
28.9%, and 48.9% of its carbon footprint, respectively [19]. In this section, we utilize the available data to explore
and analyze the possible energy and carbon footprints of the eight main phases of the life-cycle energy usage and
carbon emission management of LLM-powered intelligent chatbots.

2.2.1. Phase 1: Chatbot R&D

The R&D of intelligent chatbots involves both LLMs and hardware (e.g., GPUs, TPUs, and supercomputers).
Although the years 2022 and 2023 are regarded as the breakthrough period for the emergence and broad applications
of ChatGPT and LLMs, the related R&D progress started much earlier. For example, OpenAl was created in 2015,
and the first-generation GPT-1 with 117 million parameters was introduced in June 2018, followed by the release
of GPT-2, with over one billion parameters, in February 2019. Similar trials have been witnessed for other global
frontier technology companies and research institutions in the field. For a life-cycle perspective, the R&D-related
energy and carbon emissions should be traced back to earlier years, as well as including the associated materials
and effort inputs since then.

2.2.2. Phase 2: Hardware manufacturing

The hardware manufacturing related to LLM-powered intelligent chatbots is both resource- and energy-intensive.
Hardware requirements include a significant number of high-performance GPUs, TPUs, supercomputers, large data
center facilities, and offline service devices/robots. For example, due to the fast adoption and application of
generative Al in the field, the company NVIDIA was expected to ship 550000 pieces of the latest flagship H100
GPUs globally within 2023 [20]. Supercomputers with H100 NVL GPUs can elevate the performance of GPT-4 by
approximately 12 times in comparison with those equipped with NVIDIA DGX A100 GPUs [21]. However, while
the cutting-edge RTX 4000-series GPU can be mass-produced via the Taiwan Semiconductor Manufacturing
Company Ltd. (TSMC) 5-nm process, high-performance H100 GPUs (each piece being loaded with 5120-bit
memory, 80 GB of HBM3 capacity, and 14592 Compute Unified Device Architecture (CUDA) cores) are
manufactured via high-end and high-energy-consumption equipment such as that used in the TSMC 4-nm process
[20].

Another aspect is the manufacturing of integrated circuits. An existing LCA study showed that the cumulative
energy used in the manufacturing of integrated circuits ranged from 9 to 38 MJ-cm 2 [22]. Moreover, materials must
be extracted for use in hardware manufacturing, and the mining and production of metals is energy-intensive,
globally accounting for about 38% of industrial energy usage and approximately 15% of global electricity usage
[23]. The energy and environmental footprints of rare earth metals mining and production for the manufacturing of
GPUs and TPUs chips are very high [24]. In summary, for the necessary high-end equipment manufacturing, which
includes various advanced and intelligent manufacturing technologies [25] and resource- and energy-intensive raw
material production, the associated energy consumption and carbon emissions are non-trivial.

2.2.3. Phase 3: Global commercial logistics

The global commercial logistics associated with intelligent chatbot development and application include
traditional logistics with product delivery and reverse logistics involving the waste equipment and materials
associated with phase 8. Due to the spatiotemporal heterogeneity of the demand and supply of GPUs, TPUs, data
servers, and offline service chatbots, a considerable amount of global shipping is involved in hardware distribution
via multiple coordinated modes of transportation. For example, GPUs are essential components for intelligent
chatbot development: training the lightweight BloombergGPT with 50 billion parameters and 363 billion token data
required 512 NVIDIA A100 GPUs [26]; GPT-4 was trained on 10000-25000 A100-type high-performance GPUs,
while the quantity for the coming GPT-5 could be 30000-50000 [27]. Existing data reveals that the specialized
GPUs shipped in 2022 could consume about 9500 GW-h of electricity in a single year [16].

2.2.4. Phase 4: Facility O&M

Facility O&M are part of intelligent manufacturing and supply chain management and involve overseeing all the
assets, participants, and processes related to facilities, as well as future maintenance execution covering both facility
maintenance and related equipment maintenance. In the LLM-powered intelligent chatbot industry, energy
consumption and carbon emissions related to O&M are present in multiple sectors, such as manufacturing facility
management, smart warchouse management, and hardware equipment maintenance management such as large data
centers [28]. Currently, very limited information is available on the O&M energy and carbon footprints of the LLM-
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powered intelligent chatbot industry, although the O&M of other industries such as solar and wind power suggested
that they are likely to be significant. For example, O&M and decommissioning can account for about 10% of the
overall carbon footprint for wind power generation [29].

2.2.5. Phase 5: Massive data collection and management

Massive data must be collected and managed to support LLMs and intelligent chatbot services. The multiple data
sources used for training GPT-3 include the filtered Common Crawl (410 billion tokens), WebText2 (19 billion
tokens), Books1 (12 billion tokens), Books2 (55 billion tokens), and Wikipedia (3 billion tokens) [30]. For GPT-4,
to avoid refusing valid requests by the model, OpenAl collected a diverse dataset with labeled production data,
model-produced prompts, and human red-teaming [31]. Although the overall energy usage and carbon emission
information on LLM-related data management is still unclear, the potential resource requirement should be of
concern. It has been shown that large data centers and their management are energy- and resource-intensive. For
example, it was estimated that the total energy consumption of global data centers was 205 TW-h (i.e.,
approximately 1% of global electricity usage) in 2018 and that computing instances using data centers were elevated
by 550% compared with those in 2010 [32]. Data centers in the United States contributed a total of 3.15 x 107 t
CO;-equivalent (CO;-eq) greenhouse gas (GHG) emissions, making up approximately 0.5% of overall emissions in
the United States in 2018 [33]. Beyond energy and carbon footprints, it was also estimated that 5.4 million litre of
water was used to cool Microsoft’s high-performance data servers when training GPT-3, and that 500 mL of water
was consumed to respond to 10-50 queries in ChatGPT services [34].

2.2.6. Phase 6: LLM training and fine-tuning

As another key energy-intensive phase in terms of software and algorithms, training Al-driven LLMs consumes
large amounts of energy and carry significant carbon footprints [3,35]. For example, training a single transformer
architecture with 213 million parameters produces around 300 tCO,-eq (Fig. 3), which is equivalent to the emissions
from 125 round-trip flights between Beijing and New York [35]. This does not account for the substantial resources
used for training trials before the final training run [36]. For example, approximately 5000 additional models must
be pretrained to gain a final model with better performance [37]. Even with technology development improving its
energy efficiency, the final training run of GPT-3 with 175 billion parameters consumes 1287 MW -h of electricity
with a carbon footprint of 552 tCO,-eq [36,38], which does not even count the energy usage and emissions for
model fine-tuning and updating (Fig. 3). This is similar to the case of Meta’s LLaMA model, which needs more
than 100 A100 high-performance GPUs for model fine-tuning [39]. Overall, this implies that 5000 times of
pretraining (as assumed) of GPT-3 LLMs could cause up to 2.76 MtCO,-eq emissions, which is nearly equivalent
to the life-cycle carbon footprint of 8.36 billion COVID-19 vaccines fully covering one dose for the earth’s
population [40].

In a humorous and light-hearted way, upon asking ChatGPT the question “What is the electricity consumption of
training ChatGPT?” we received the response “...training the GPT-3 model could consume as much as 355000
kW-h of energy, which is roughly equivalent to the energy consumption of an average American household for 32
years.” It is expected that the energy consumption of GPT-3 from a systems perspective will be much higher when
considering at least eight main phases throughout the life cycle, as shown in Fig. 2. Moreover, if the LLM training
algorithms were to be significantly improved, energy consumption and emissions would skyrocket, as LLMs
continue to increase in terms of model size and input data volume—for example, from GPT-1’s 117 million
parameters and 5 GB of data, to GPT-2’s 1.2 billion parameters and 40 GB of data, to GPT-3’s 175 billion
parameters and 45 TB of data [41]. According to the known settings of GPT-3 and the assumed one trillion
parameters of GPT-4, it was estimated that it might take approximately 26 and 150 days to train GPT-3 and GPT-
4, respectively, using 10000 V100 GPUs [42]. For the final training run of LLMs, compared with the electricity
usage of GPT-3, the corresponding number for GPT-4 is 7200 MW -h [42]. This corresponds to estimated carbon
emissions of about 3088 tCO,-eq, based on the calculation for GPT-3 [36]. The data and information are compared
in Fig. 3.
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Fig. 3. Electricity consumption and carbon emissions from LLM training and fine-tuning, along with model development. New
algorithms and technologies have the potential to improve the energy efficiency of LLM training, so significant research is required to
clarify the additional energy consumption and carbon footprints of the computation beyond the final training run of LLMs.

2.2.7. Phase 7: Online/offline chatbot services

Compared with LLM training and fine-tuning, end users are more familiar with the human-device interactions
that occur as they enjoy intelligent chatbots’ web services (e.g., computer and phone) or offline service devices such
as robots. Based on the trained and fine-tuned LLMs hosted in the cloud end, rapid inference and response in the
process of feedbacking to users’ prompts consume energy and incur emissions. For each new prompt, the inference
requires a series of GPUs/TPUs to run the built LLMs and implement a rapid computation. For example, the
inference, fine-tuning, and training processes of Meta’s LLaMA model typically use 16, 100+, and 2000 A100 high-
performance GPUs, respectively [39].

Although the energy usage and emissions related to a single inference are not significant, the long-term
accumulative carbon emissions for global chatbot online/offline chatbot services are obvious and non-trivial. The
related energy and carbon footprints per month for online services can be comparable to those from the final training
run of LLMs described in phase 6. Based on assumptions and estimated data from the TRG Datacenters [42] and
the 590 million visits in January 2023 [5], the overall monthly electricity consumption of ChatGPT services under
nine different scenarios was estimated and is shown in Fig. 4. The estimation indicates that five scenarios and eight
scenarios have electricity consumption higher than that of the final training runs of GPT-4 and GPT-3, respectively.
The worst-case scenario (i.e., scenario 3) incurs 23364 MW -h of electricity usage per month. If based on the peak
data of an average of 1.5 billion visits per month from August to October 2023 [6], the annual electricity
consumption of ChatGPT services via Google search under the worst case would be up to 7.128 TW-h.
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Fig. 4. Total electricity consumption of monthly queries related to overall Google search-based ChatGPT services under different
scenarios. Scenarios 1, 4, and 7 are based on one query per visit; scenarios 2, 5, and 8 are based on five queries/visit; and scenarios 3,
6, and 9 are based on ten queries/visit; simultaneously, scenarios 1-3 denote low efficiency with an electricity usage per query of
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0.00396 kW -h; scenarios 4-6 denote medium etticiency with 0.00297 kW -h per query; and scenarios 79 denote high etticiency with
0.00198 kW-h per query [42]. Such figures on electricity usage per query are similar to those reported in Refs. [43,44]. The estimated
electricity consumption of the final training run of the GPT-3 and GPT-4 models is shown in the figure for comparison. ChatGPT 4.0:
ChatGPT with GPT-4; ChatGPT 3.0: ChatGPT with GPT-3.

2.2.8. Phase 8: Material recycling and waste disposal

In the LLM-powered intelligent chatbot industry, material recycling and disposal mainly occur in the end-of-life
handling of hardware equipment, as stated in phase 2. Effective material recycling in this industry has great
relevance to the development of an intelligent circular economy concept. The recycling and reuse of robotic
materials [45] and electronic components from printed circuit boards [46] hold global influence to mitigate
economic costs and energy and environmental footprints. Moreover, the heavy energy footprints of rare earth metals
mining and production [24] suggest that material recovery and recycling—especially for critical raw metals—are
crucial pathways toward resource circularity and can lead to substantial indirect energy and carbon savings.
However, the fact remains that the resource recovery efficiency of critical rare materials is low, and relevant policy
intervention is still premature [47]. This situation calls for extensive R&D in product design, social behavior analysis,
the thermodynamics of separation, and recycling technologies to overcome the issues of low extractability and
lengthy purifications [48,49]. Despite the rapid development of the LLM-powered intelligent chatbot industry, the
overall energy and carbon footprints can be mitigated if materials can be effectively recovered and recycled.

2.3. How the different phases interrelate and influence each other?

The visualized relationships and interactions among the different life-cycle phases are shown in Fig. 5(a), which
presents a directed network structure with the eight phases. An analysis of these complex interactions requires
knowledge of the systems-engineering discipline and must take several inherent factors into consideration.

First, within the eight phases under analysis, there is a wide range of participants worldwide, including R&D
teams (phase 1), manufacturing workers (phase 2), logistics staff and e-commerce operators (phase 3), facility
management workers (phase 4), data engineers (phase 5), algorithm engineers (phase 6), software engineers and
operators (phase 7), and recycling workers, disposal workers, and logistics staff (phase 8). This implies the relevance
of substantial energy and environmental footprints due to participants’ activities and interactions. The possible
information flows and connections among the participants within such an interrelated system suggest the importance
of synergizing their activities toward optimal overall energy and environmental performance.

Second, the arrows in Fig. 5(a) represent the interactions among different phases. For example, the interactions
between phase 1 and phases 2 and 5-7 indicate that the R&D (1) should align with existing intelligent manufacturing
technologies, (2) can improve the data requirements and data management, (3) is key in elevating the efficiency of
LLM training and fine-tuning, and (4) always aims to enhance the service quality of intelligent chatbots, which
indirectly affects the overall energy consumption and carbon emissions. Hardware manufacturing in phase 2 has
been identified as a resource- and energy-intensive phase that interrelates with all the other phases. Phases 3—6 and
their possible interactions with other phases were preliminarily discussed in Section 2.2. The online/offline chatbot
services in phase 7 involve the collection of new data from global users, which will be managed in data centers in
phase 5 and will then be further leveraged for LLM training and fine-tuning in phase 6. For example, OpenAl fine-
tuned GPT-4 with the feedback data from GPT-3 users and 50 Al experts that were stored in its data centers [31].
In phase 8, the recovery, recycling, and reuse of materials and electronic equipment serve to reduce the
manufacturing activities in phase 2 and the global commercial logistics in phase 3, indirectly decreasing the energy
and carbon footprints of the whole system via these two phases.

3. The way forward: A system-level solution to optimize management

Based on the analysis of the life-cycle energy and carbon footprints of the LLM-powered intelligent chatbot
industry (Section 2.2) and the interactions among various phases (Section 2.3), a system-level solution with few
pathways to mitigate the footprints is proposed and illustrated in this section.

Similar to LLM-powered intelligent chatbots, there is another emerging technology that requires the support of
hardware such as GPUs, TPUs, supercomputers, and large data servers, as well as software: namely, blockchain
technology-based cryptocurrency mining, which has significant energy consumption and carbon emissions [50,51].
For example, under a scenario of no policy interventions, the carbon emissions and energy consumption of Bitcoin
mining per year in China are estimated to peak in 2024 at 130.5 MtCO,-eq and 296.6 TW-h, respectively [50].
However, if the transaction fees are insufficient to incentivize cryptocurrency mining based on blockchain, the
energy consumption of mining activities would peak in 2140, due to the number limit of Bitcoins [52]. In contrast,
there are limited mechanisms as yet to regulate the development and global competition of LLM-powered intelligent
chatbots toward energy and environmental sustainability.
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It is believed that LLM-powered intelligent chatbots will become extremely common and will profoundly
transform the world by incorporating multimodal data-processing capabilities [8,53,54]. However, while
anticipating the enormous potential of this advanced technology, concrete solutions are needed to optimize the
management of this industry and mitigate its energy and environmental footprints through dedicated action
pathways and collaboration among wider communities and stakeholders. A few preliminary ideas are under
development. For example, a conceptual framework based on employing energy-efficient hardware driven by green
energy such as solar, hydrogen, and wind energy and tailoring the model structure of LLMs has been initially
suggested [16]. These ideas require key breakthroughs in technology development, such as @ the revolution of
hardware manufacturing technologies under the popular Industry 4.0 [25] and human-centric Industry 5.0 [55]; (2)
the enhancement of energy-efficient computing power boosted by algorithms, software, and hardware architecture
improvements [36,56]; (3) the optimization of LLM performance dynamics [57]; and (4) the technical utilization
of the assistance of human feedback [58].

Accordingly, beyond technological innovation, we believe that there is a need for substantial global collaboration
efforts among the multiple stakeholders in this industry. According to the analysis in Section 2, the main
stakeholders in the energy and environmental management in this industry include governmental
authorities/agencies, newly developing associations, professional environmental communities, technology
companies and research institutions, technology reporters, and worldwide chatbot users. Based on the life-cycle and
interaction analysis shown in Fig. 5(a) and considering that the related improvement involves scientific problems
and mechanism exploration including multi-stakeholder influence/interaction, multi-objective optimization, and
multi-agent decision-making, we propose the system-level solution shown in Fig. 5(b), with three strategic pathways
that cover all these main stakeholders. The specific stakeholders that are well-positioned for the implementation of
each strategic pathway are explained below.

Life cycle and interactions System-level solution

: @® Professional environ-
Comprehensive. @ mental communities

assessment
and dynamic &  Self-reporting by
reporting technology companies
Enhancing
extended
producer
responsibility
Long-term
) development of
@ Technology companies associations and
and research institution$ management
e Researchers standards

reporters, and usersg

9Ssy; M

C‘o#ecff Ve Olag ac;\\'\\\J o ® Governmental authorities
’hana ‘on an, < 3 and developing associations

gefnen a 2 Technology companies
¢ - - and research institutions

Mitigate the life-cycle
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(a) (b)

Fig. 5. Pathways to mitigate the life-cycle energy and carbon footprints of the LLM-powered intelligent chatbot industry based on the
analysis in Section 2. (a) Relationships and interactions among the different life-cycle phases. Each arrow denotes how a phase (i.e., a
source) interrelates and/or influences another phase (i.e., a sink). (b) Diagram of the system-level solution for optimizing the
management of the LLM-powered intelligent chatbot industry based on the life-cycle energy usage and carbon emission analysis.

3.1. Pathway I: Comprehensive LCA and dynamic reporting

In pathway I, the relevant stakeholders are mainly professional environmental communities, including
authoritative environment organizations and institutions, non-governmental institutions, researchers in the
environmental field, and environmentalists with professional backgrounds. The assessment of the cumulative
energy demand and carbon emissions related to LLM-powered intelligent chatbots should cover phases 1 to 8, as
outlined in Fig. 2. Such assessments should adopt a whole-system approach (e.g., a systematic reporting approach
for the carbon and energy footprints of machine learning [59]), and associated reports from authoritative
environment organizations and institutions, such as the United Nations Environment Programme (UNEP), should
be constantly promoted to facilitate the accurate characterization of related environmental issues, in line with the
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United Nation (UN)’s sustainable development goals (SDGs). Based on a life-cycle perspective, an analysis of the
various scenarios and dynamic trends of intelligent chatbot development and application should be carried out in
order to project consequences and impacts. The estimated results shown in Figs. 3 and 4 and the life cycle and
interactions in Fig. 5(a) may suggest an overall trend of the LLM-related energy footprint in the future, which could
be significantly larger than that of the LLM training and fine-tuning phase. Dynamic reporting that accounts for
changes in the different phases, assurance of data quality and accuracy, and related implications will have the
potential to facilitate effective policy formulation and action planning to optimize the development of the intelligent
chatbot industry from a coherent socio-economic, energy, and environmental perspective.

However, it is worth noting that the limited data reliability and transparency in various commercial situations are
barriers that must be tackled properly before comprehensive assessment and dynamic reporting can be possible. For
example, there are no existing portals and there is limited motivation for private organizations such as OpenAl to
share and report their latest relevant data, due to concerns about commercial secrets and intellectual property. This
is part of the reason why the energy and carbon footprints related to GPT-4 are still secrets. From the perspective
of information disclosure, this barrier could be addressed by enhancing producer responsibility (pathway II) and
developing relevant associations and standards (pathway III), as shown in Fig. 5(b). Moreover, from the perspective
of data management, the integration of advanced emerging technologies, such as blockchain, Internet of Things
(IoTs), and machine learning models, could serve to improve data reliability and transparency for accurate
environmental accounting [60].

3.2. Pathway II: Enhancing extended producer responsibility (EPR) with incentives

The lead stakeholders in pathway II are mainly frontier technology companies and research institutions, especially
those who are leading the R&D revolution of the intelligent chatbot industry, while other participating stakeholders,
including small and medium-sized technology enterprises, environment-community researchers, technology
reporters, and global chatbot users, also contribute to this pathway. The concept of EPR stresses that all life-cycle
environmental impacts should be counted for a product.

First, under an ideal situation, intelligent chatbot designers should understand and choose greener pathways to
train and fine-tune LLMs. For example, rather than constructing its whole loop with the involvement of at least
phases 3—6 and 8, Bloomberg assigned approximately 1.3 million hours of training based on distributed shared
resources from Amazon’s cloud services [26]. This route is especially practical for small- and medium-technology
enterprises designing LLM-based platforms and applications.

Second, suitable incentive mechanisms play a key role in the implementation of EPR. For the end-of-life
intelligent chatbot management in phase 8, supervision of EPR can incentivize the best practices in material
recycling management. This in turn helps to simultaneously reduce the end-of-life costs and energy and carbon
footprints, considering the strategic importance of the macro governance of the production and recovery of key rare
metals [47]. There are also benefits in incentivizing green O&M management in phase 4, sustainable data center
management in phase 5, and energy-efficient LLM training and fine-tuning in phase 6.

Third, in an ideal case of implementing EPR in the LLM-powered intelligent chatbot industry, the proactive
reporting of carbon footprints, energy consumption, and resource usage could assist in avoiding the issues of lag
management that have been experienced in Bitcoin mining [61]. For example, various open-source alternatives to
Bard and GPT-4 are providing technical reports and/or codes for building LLMs and systems and estimating their
energy and carbon footprints; these include LLaMA and LlaMA-2 by Meta, BLOOM by BigScience, Qwen-14B
and Qwen-72B by Ali Cloud, Alpaca by Stanford University, and ChatGLM-6B by Tsinghua University. However,
due to the absence of clear policy legislation and incentives, the outcome may end up as a non-cooperative game,
in which leading technology companies and research institutions have insufficient motivations to continuously
implement EPR. This issue could not be solved easily in a top-down manner (i.e., by leading companies and
institutions to consciously and proactively improve the industry) before the appearance of a major non-profit
organization or association (as discussed in pathway III, later). On the other hand, it is likely that the issue can be
addressed via a bottom-up approach—that is, through revolutionary actions from niche-market companies, emission
facts revealed by environment-community researchers, and the spontaneous voice of global users. All these actions
from the “bottom” can emerge as motivations for the leaders of R&D technology companies and research
institutions. Concrete options for the three kinds of participating stakeholders are provided as follows:

(1) From the perspective of a niche market, for small- and medium-technology enterprises that act as competitors
at the grassroots level, relatively lightweight intelligent chatbots like mini-GPT-4 [62] and Alpaca [8] can be
designed and made to be open-access sources. Such tools are still useful for some users without the requirements of
advanced ChatGPT applications. Lightweight intelligent chatbots are also applicable in various industries/sectors
with the addition of domain-specific knowledge. For example, the Bloomberg company developed the lightweight
BloombergGPT with many fewer parameters and data requirements for financial domain services [26]. Another
example is Socratic by Google for the education domain, which consumes only 50-300 MW -h of electricity for
model training [42]. Additional examples in the drug discovery domain include small ChatGPT variants with high
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accuracy in medical applications [63].

(2) From the perspective of environment-community researchers, the costs and benefits of LLMs and ChatGPT
have previously been discussed [53,54]; however, further in-depth and quantitative discussions on the pros and cons
of LLM-powered intelligent chatbots are desirable based on the reliable and standardized presentation of data. It is
expected that significant energy consumption and carbon emissions will come from several phases such as hardware
manufacturing (phase 2), LLM training and fine-tuning (phase 6), and online/offline chatbot services (phase 7).
Researchers should work with relevant stakeholders, such as non-profit organizations and authoritative
environmental institutions, to accurately map emission hotspots and explore possible means for data-sharing
partnerships and the proposal of mitigation measures.

(3) From the perspective of technology reporters and end users (especially environmentalists), feedback on not
only technology development and user experiences but also concerns about energy and environmental issues related
to intelligent chatbots has the potential to stimulate the responsible development of intelligent chatbot enterprises.
For example, if many reporters and users were to speak out via traditional media platforms (e.g., newspapers and
magazines) and social media platforms (e.g., Twitter, Facebook, and TikTok), respectively, the spontaneous voice
of media and users could emerge as a kind of mechanism to stimulate and incentivize improvements in technology
companies and research institutions in phases 1 and 2. The public voice could also strongly support the
incentivization of green O&M management in phase 4 and end-of-life intelligent chatbot management in phase 8.

3.3. Pathway IlI: Long-term development of associations and management standards

The stakeholders of pathway III are mainly governmental authorities/agencies and newly developing associations
that set standards for the industry, on the one hand, and intelligent chatbot R&D companies and research institutions
that need to be regulated and incentivized, on the other. In the long run, for the sustainable development of this
industry, it is essential to develop consensus and collaboration by means of the formulation of relevant associations
and management standards among technology companies, academics, organizations, and agencies. This can be in
the form of the development of relevant international non-profit organizations, similar to the International
Federation of Robotics (IFR), the International Air Transport Association (IATA), the International Automotive
Task Force (IATF), and so forth. The action route of the automotive industry could be taken as a reference to define
a specific route for the LLM-powered intelligent chatbot industry in which at least three-dimensional constraints
are leveraged to regulate and support the development of the industry. These constraints could include: (1) the
implementation of emission legislation in different regions, such as the Euro VI, China VI, and American standards
(i.e., LEVIII and US Environmental Protection Agency (EPA) Tier3) [64]; (2) developing IATF 16949:2016 based
on International Organization for Standardization (ISO) 9001 to increase operational efficiency and reduce
operating costs and waste in the supply chain [65]; and (3) the UN pushing for net-zero emissions transport by 2050
to further boost the economy and reduce inequality [66]. Compared with IATA’s ambitious plan to achieve net-zero
carbon emissions by 2050, how the industry of LLM-powered intelligent chatbots will respond to the carbon
neutrality ambition remains uncertain, especially considering the possible impacts of ongoing and future global
crises [67].

Transboundary collaboration involving different stakeholders at different scales is needed to develop relevant
associations and management standards as massive capital enters the intelligent chatbot industry and promising
expectations spawn a new era. However, it must be acknowledged that it will take substantial effort and time to
establish well-functioning associations in this industry. For example, after the foundation of the first association
under a zero-waste concept, namely, the Zero Waste International Alliance (ZWIA) in 2002, it took about nine years
and about 13 years, respectively, to promote Zero Waste Europe and the resolution “Support of Municipal Zero
Waste Principles” in the United States [68]. As of 2018, only 23 global cities among the C40 Cities had signed the
commitment “Regions Advance Towards Zero Waste” [69]. For the LLM-powered intelligent chatbot industry,
there is still a long way to go, and it is necessary to simultaneously strengthen pathways I and II during the
construction process of pathway 111, as shown in Fig. 5(b).

4. Conclusions and outlook

ChatGPT and other LLM-powered intelligent chatbot products are providing beneficial services and insights in
various industries ranging from social services (e.g., entertainment, business, and education) to science and
engineering applications in fields such as chemistry, mathematics, medicine, renewable energy transition, intelligent
manufacturing, and the Industrial [oTs (IloT). While embracing the benefits of these emerging products and services,
we call for a rethinking of mitigation pathways for the life-cycle energy usage and carbon emissions of LLM-
powered intelligent chatbots and a reshaping of the development of their environmental and climate change
implications at this early stage of intelligent chatbot industry development. Taking the life-cycle energy and carbon
footprint analysis provided here as a starting point, mitigation practices such as process and system efficiency
improvement should be promoted and implemented, based on improved analyses incorporating comprehensive LCA
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and dynamic result reporting, the enhancement of EPR, and the long-term development of associations and
management standards. These require immediate action and collaborative efforts among the different stakeholders
at different scales and transboundary cooperation for the development of a framework with wide consensus and
benefits.

The key takeaways of this work can be summarized in four points:

(1) The energy and carbon footprints related to the LLM-powered intelligent chatbot industry are non-trivial, let
alone those projected from the industry’s rapid development trend.

(2) Eight main life-cycle phases and their interactions are identified for this emerging industry, among which two
phases (i.e., hardware manufacturing and LLM training) are expected to be the most energy-intensive. In addition,
the estimated data imply that the chatbot service phase could emerge as a new footprint hotspot in the future.

(3) A system-level solution comprising three specific pathways with associated stakeholders is proposed to
optimize the management of the industry.

(4) A whole-system life-cycle view and a system-level solution supported by interdisciplinary experiences are
crucial for understanding and tackling the emerging energy and environmental issues of this industry.

Society has been concerned about the privacy and security related to LLM-powered intelligent chatbot
applications and services [70,71]. Such issues are being addressed by leading technology companies and institutions
such as OpenAlI [31]. Future research can focus on several aspects, as follows: (1) Efforts should always be made
to develop data that are more accurate and highly granular timewise and geographically. When more useful data are
available, including information on long-tail marketing with small- and medium-sized technology enterprises,
dynamic environmental accounting based on LCA, for example, should be carried out while considering all the
relevant life-cycle phases. @ Issues related to the spatiotemporal heterogeneity of emissions and energy usage
(especially the infrastructure with renewable energy sources) are worth further investigation, considering that the
associated embodied energy consumption and emissions are closely related to several life-cycle phases. The results
of the analysis can clarify the hotspots in energy and carbon footprints and are key to guiding the industry’s
development. (3) LLMs can be applied to support the environment, climate, and sustainability development [72].
This might include the application of LLMs to optimize the design, development, and management of LLMs
themselves, further contributing to practical applications and thereby forming a closed loop among different
industries. (4) Cloud services and the industrial internet could be utilized to enhance energy and carbon conservation,
and emerging technologies such as the [IoT and blockchain could be incorporated to improve the tracking, collection,
and management of data toward greater credibility of analysis. (5) The interactions among the major stakeholders
and the various detailed pathways within or beyond the proposed system-level solution should be investigated and
designed, acknowledging that there is a long way to go to improve the energy and carbon management of the LLM-
powered intelligent chatbot industry.
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