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Abstract: AI is playing an important role in promoting sustainable development, but the carbon
footprint caused by AI is scaling quickly and may partly offset the effort to reduce carbon emissions.
However, recommendations for limiting the AI carbon footprint are lacking. In order to address
this gap in the literature, this paper first constructs a tripartite evolutionary game model by taking
governments, AI industry alliances, and consumers into consideration, and then exploring the impacts
of key factors on these three players’ strategy selection based on the case of smart air conditioner
consumption in China. The results show that the behavior of governments has an important influence
on the behavior of AI industry alliances and consumers. The ideal consequence is that governments
adopt an unregulated strategy, AI industry alliances adopt a green development strategy, and
consumers adopt a green purchase strategy. Regulation by governments is indispensable for limiting
the AI carbon footprint during an early stage but becomes dispensable when the system reaches
an optimal state. Although a tendency toward green consumption, image benefit, regulatory cost,
carbon price, and the subsidies given to consumers and AI industry alliances can largely influence the
strategy selection of governments, governments are most sensitive to carbon prices and the subsidies
given to consumers. AI industry alliances are not sensitive to subsidies, reputation improvement,
and reputation loss but are most sensitive to carbon prices. Consumers are most sensitive to green
consumption tendencies, self-satisfaction, and utility but are not sensitive to subsidies.

Keywords: artificial intelligence; carbon footprint; tripartite evolutionary game model; numerical
simulation; China

1. Introduction

Artificial intelligence (AI) may be defined as a set of techniques that empower comput-
ers to accomplish complicated assignments that require intelligence [1]. Recently, AI has
developed rapidly and has been deployed in many fields [2]. For example, the performance
of AI models—such as computer vision models, natural language processing models, and
time-series analysis models—has been rapidly improved upon, and these AI models are
shaping our lives. With the widespread application of AI and the aggravation of global
warming, the impacts of AI on carbon emissions have gained attention.

AI can both decrease and increase carbon emissions [3–6]. On the one hand, the
application of AI can reduce worldwide greenhouse gas emissions [5]. On the other
hand, the information and communication technology (ICT) sector, such as data centers,
which are the critical infrastructure for training AI models, is generating a mass of carbon
emissions [7,8]. Therefore, there has been a substantial need to combat climate change by
using AI and limiting the carbon emissions from AI. This paper mainly focuses on limiting
the AI carbon footprint.
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Existing studies suggest that governments [5,6,9], AI industry alliances, including AI
device and service supply enterprises [5], AI researchers [10–12], and consumers [13] are the
important participants in limiting the AI carbon footprint. Further, some policy proposals
for limiting the AI carbon footprint have been proposed. It is clear that governments, AI
industry alliances, and consumers will influence one another’s behaviors in the process of
limiting the AI carbon footprint. However, the interactions between these three players
have not been taken seriously enough by the current literature. The overall aim of this
article is to fill this gap in the literature by using a tripartite evolutionary game model,
which can be used to quantitatively describe the interactions between these three players.

The article is structured as follows: Section 2 briefly reviews the related studies.
Section 3 introduces the basic principles of the evolutionary game model and establishes
the tripartite evolutionary game model based on the corresponding assumptions. Section 4
analyzes the stability of the strategies of the three participants and proposes the optimal
strategy combination. Section 5 uncovers the evolution paths of the three players and
explores the impacts of key factors on the three players’ strategy selection based on the
case of smart air conditioner consumption in China. Section 6 addresses the conclusions,
discussion, recommendations, and limitations.

This paper makes two main contributions to the literature. First, the existing studies
mainly keep a watchful eye on the emission reduction effect of using AI, yet the carbon
footprint caused by AI is not focused on widely. Although some studies point out that
governments, AI industry alliances, and consumers are the critical participants in limiting
the AI carbon footprint, the interactions between these three players in the process of
limiting the AI carbon footprint have not been revealed in detail and have not been
described quantitatively. This paper reveals these interactions by constructing a tripartite
evolutionary game model and quantitatively analyzing these interactions. Second, the
existing studies put forward some actionable recommendations that governments, AI
industry alliances, and consumers should take to limit the AI carbon footprint, but they
do not probe the impacts of these actions on the strategy selection of these three players
from an evolutionary perspective. This paper explores the impacts of key factors on
the three players’ strategy selection by simulating the evolutionary game process and
pointing out the most sensitive factors regarding the three players’ strategy selection, as
well as the transition role of governments during the different stages of limiting the AI
carbon footprint.

2. Literature Review

In general, the existing studies related to our work can be divided into three parts: the
influencing mechanisms of AI on carbon emissions, the sources of the AI carbon footprint,
and the actions for limiting the AI carbon footprint.

2.1. Influencing Mechanisms of AI on Carbon Emissions

AI can positively and negatively impact carbon emissions [3–6]. On the one hand, AI
can help to reduce carbon emissions in two ways. First, the energy and resource utilization
efficiency of the energy sector, manufacturing sector, and agriculture sector can be improved
by using AI technologies [2,12]; thus, the energy consumption and carbon emissions from
these sectors can be diminished. For instance, AI can help to advance the operational
efficiency of complex systems, such as industrial heating and cooling systems [5]; thus,
energy consumption and carbon emissions can be reduced. AI can also help to reduce food-
related carbon emissions [14]. Second, AI devices can limit their own carbon emissions by
using AI technologies. For example, the energy efficiency of data centers has been enhanced
by adopting an intelligent carbon-computing platform [15] and specialized “AI accelerator”
hardware, such as application-specific integrated circuits [5]; thus, energy consumption
and carbon emissions from centers can be reduced.

On the other hand, AI can contribute to increasing carbon emissions in three ways.
First, running computationally hungry AI models consumes vast amounts of energy and
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generates carbon emissions. For instance, the carbon emissions generated by training a
transformer model using a neural architecture search can be comparable to the lifetime
carbon emissions of five cars [16]. Using generative AI technologies, such as ChatGPT,
will generate vast amounts of carbon emissions [17]. AI devices, such as computers, are
also responsible for embodied emissions from raw material extraction, manufacturing,
transportation, and hardware disposal [5,6,13,18]. Second, AI can be used as a general-
purpose tool to reduce the cost of high-emitting activities, which could, in turn, incentivize
more emission-intensive activities and generate more carbon emissions. For example, oil
companies can unlock and sell more oil and gas in a more cost-effective way by using
AI technologies [5,19]; however, oil and gas are two of the most significant sources of
carbon emissions. Third, when AI increases the efficiency of production and service,
rebound effects will occur, because the rebound effect itself means more production and
consumption of goods and services and more carbon emissions. For instance, intelligent
recommendation systems can improve the effectiveness of advertising communication,
which can increase the production and consumption of goods and services and generate
more carbon emissions. This may offset or even counteract the effort of reducing carbon
emissions [5].

2.2. Sources of the AI Carbon Footprint

The sources of the AI carbon footprint constitute carbon emissions, from the extraction
of raw materials for producing AI devices (e.g., data centers, desktops, laptops, smart-
phones, and so on), the manufacturing process of AI devices, the shipment process of AI
devices, the lifetime usage of AI devices (e.g., using AI devices for data collection and
storage, training AI models using data centers, employing AI models via smart terminals),
and hardware disposal [5,6,13].

Although we can roughly describe the sources of the AI carbon footprint based on the
perspective of the life cycle of AI devices, it is difficult to estimate the total amount of the AI
carbon footprint now [8,12], because the boundary definition of the AI carbon footprint is
blurry, and the related data and reliable evaluation methodology for estimating the quantity
of the AI carbon footprint are also scarce [5]. We can only be sure that a substantial portion
of carbon emissions from the ICT sector belongs to the AI carbon footprint [5].

2.3. Actions for Limiting the AI Carbon Footprint

Recent studies suggest that there are four actions for limiting the AI carbon footprint:
disclosing the AI carbon footprint, reducing the AI carbon footprint, removing the AI
carbon footprint, and offsetting the AI carbon footprint. Existing studies also point out
that governments, AI industry alliances, and consumers are the three main stakeholders in
limiting the AI carbon footprint. What should receive special mention is that AI industry
alliances include AI device producers, such as the producers of data centers; AI service
suppliers, such as data center operators; and AI researchers, such as those researchers in the
field of machine learning (ML). Based on the existing studies, the actions that governments,
AI industry alliances, and consumers can take to limit the AI carbon footprint are displayed
in Table 1.

In summary, existing studies reveal the influencing mechanisms of AI on carbon
emissions, the sources of the AI carbon footprint, the participants, including governments,
AI industry alliances, and consumers, who are the significant actors in limiting the AI
carbon footprint, and the actions for limiting the AI carbon footprint. However, so far, the
AI carbon footprint has not been taken seriously by governments, AI industry alliances,
and consumers. For example, large data centers that have massive carbon footprint in
their life cycle play a critical role in AI model training and development and have not been
covered by the carbon trading market in many countries. Furthermore, the interactions
between governments, AI industry alliances, and consumers in the process of limiting
the AI carbon footprint have not been revealed in depth. Therefore, we will construct a
tripartite evolutionary game model to fill this gap in the literature.
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Table 1. The actions taken by three stakeholders for limiting the AI carbon footprint.

Actions for Limiting the
AI Carbon Footprint Participants Concrete Actions

Disclosing AI carbon
footprint Governments

Develop AI carbon footprint measurement methodologies and disclosure
standards [5,9]. For example, governments can force companies to add
carbon labels to AI models [6].

AI industry alliances

1. Evaluate and disclose the AI carbon footprint in a standardized
way [10,11].
2. Develop tools to estimate the AI carbon footprint automatically [10,11].
3. The AI research community should report the AI carbon footprint in
their research papers [10,11,20].

Reducing AI carbon
footprint Governments

1. Consider the negative impacts of the AI carbon footprint in AI
development planning [5].
2. Create economic incentives and supervision measures, such as carbon
taxes, to reduce the AI carbon footprint [5,6].
3. Offer guidance, incentives, and efficiency standards to encourage data
center and telecom operators to improve energy efficiency [5].
4. Incentivize the relevant technologies regarding research and
development by funding and rewarding projects, such as edge devices,
data centers, and telecom operation technologies, with high
efficiency [5,6,9].

AI industry alliances

1. Set reduced emissions goals and increase investment for efficient
next-generation computing and communications technologies [5].
2. Reduce the embodied emissions of AI products across their supply
chains, including raw material extraction, manufacturing, transport,
operation, and recycling [5,13].
3. Locate data centers in areas with suitable climates and low water
stress [5,15].
4. Shift flexible workloads, such as scientific computing jobs, to times and
regions with higher shares in green energy [10]. Run AI algorithms on
hardware that is effectively powered by green electricity. For example,
replace on-site diesel generators with battery storage in the operation of
digital infrastructures [5], and utilize clean energy efficiently by using AI
technologies [15].
5. Adopt the most energy-efficient servers and storage, networks, and
cooling equipment in digital infrastructure [15]. Increase utilization and
virtualization to maximize the energy efficiency of existing hardware and
digital infrastructure [5].
6. The actions that the AI research community should take are as follows:
choose those cloud providers that are the least carbon-intensive and use
data centers located in the least carbon-intensive regions [10]. Carry out a
literature review before starting experimentation, use pretrained models
when possible, and use random search instead of grid search in order to
reduce the quantity of failed experiments and, therefore, the carbon
footprint [11]. Use more efficient computing hardware, such as GPUs and
tensor processing units. (TPUs), to reduce training time and, therefore,
the carbon footprint [11]. Release related codes and models in order to
reduce reiterative training and, therefore, the carbon footprint [10,11,21].
7. Consider energy efficiency when estimating different AI models or
choosing between different AI models in practice [5].

Consumers Increase the energy efficiency of AI devices during use [13], and purchase
green AI products [22].

Removing AI carbon
footprint AI industry alliances

Carry out CCS projects to reduce the AI carbon footprint by using AI
technologies. For example, artificial neural networks and convolutional
neural networks can be used as a crucial accelerator in predicting
physical properties, evaluating mechanical stability, and monitoring CO2
plume migration and leakage during CO2 storage [2].

Offsetting AI carbon
footprint AI industry alliances Offset the AI carbon footprint by participating in various sustainability

programs [13] or purchasing clean energy [23].
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3. Methodology and Model Construction
3.1. Methodology

Evolutionary game modeling is a development of traditional game modeling, and it
was first applied in the field of ecology. Currently, the evolutionary game model is widely
applied in modeling sustainable development problems [24,25]. In terms of limiting the
AI carbon footprint, the evolutionary game model can be used to quantitatively analyze
the interactions between three players, the influencing factors of the three players’ strategy
selection, and the dynamic evolution of the three players’ strategy selection.

The basis of the evolutionary game model is game theory and biological evolution
theory [26]. There are four pivotal concepts in evolutionary game modeling. The first
is the connotation of a bounded rational. In contrast to the traditional game model, the
evolutionary game model assumes that the players are bounded rational participants,
which means the decision information obtained by the players is incomplete; namely,
their strategies may not always be optimal in each round of the game. The second is the
connotation of imitation. The evolutionary game model assumes that the participants have
an imitation ability and are supposed to maximize their own benefits. This means that the
players can imitate the behavior of the other players and adjust their strategies gradually
according to the payoff in each round of the game, which is similar to the principles
of biological evolution. In general, the mechanisms of imitation and adjustment can be
depicted by differential equations, stochastic processes, optimization algorithms, and so on.
The most widely used mechanism of imitation and adjustment is the dynamic replicator
equation [26]. The third is the connotation of mixed strategies. The evolutionary game
model uses the proportion of individuals who choose different pure strategies in the group
to represent the mixed strategies, while the mixed strategies in a traditional game model
represent the probability that the players will choose a certain strategy. The fourth is the
connotation of the evolutionary stability strategy (ESS). The strategies of the players in the
same group may be diverse at the beginning, but with the extension of the evolutionary
time, the strategies of the players will gradually converge to an ESS, which means most of
the individuals in the group steadily adopt a certain strategy and other strategies cannot
invade the group.

3.2. Tripartite Evolutionary Game Model Construction
3.2.1. Model Assumptions

The model assumptions that are in accordance with the practice of limiting the AI
carbon footprint are as follows:

Hypothesis 1. There are three players in the process of limiting the AI carbon footprint: govern-
ments, AI industry alliances, and consumers. These three parties are bounded rational participants
with an imitation ability and are supposed to maximize their own benefits.

Hypothesis 2. Assume that the consumers have a green consumption tendency. This assumption is
consistent with practice. According to the China Sustainable Consumption Report 2022, a research
report that was jointly launched by SynTao and Jiemian News, which are well-known consulting
agencies in China, observed that 90% of the respondents believed that low carbon was closely related
to everyone, and most respondents thought of electronic products first when it came to low-carbon
products [27]. In addition, although consumers have a tendency for green consumption, the level of
green consumption tendency might be diverse for different consumers [28]. Therefore, the parameter
θ can be used to describe the level of consumers’ green consumption tendency. Without loss of
generality, we set the interval of θ as [1, 2]; the higher the value of θ, the higher the levels of green
consumption tendency.

Hypothesis 3. The government’s strategy space is defined as D = (S, NS). S represents that
governments supervise the AI carbon footprint. NS represents that governments do not supervise
the AI carbon footprint. Suppose that the probability that governments implement an S strategy
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is x (x ∈ [0, 1]), and that the probability that governments adopt an NS strategy is (1− x). The
AI industry alliances’ strategy space is defined as E = (GD, NGD). GD indicates that AI industry
alliances with a green development strategy limit the AI carbon footprint. NGD indicates that AI
industry alliances with a traditional strategy do not reduce the AI carbon footprint. Suppose that the
probability that AI industry alliances adopt a GD strategy is y (y ∈ [0, 1]), and that the probability
that AI industry alliances adopt an NGD strategy is (1− y). The consumers’ strategy space is
defined as F = (P, NP). P denotes that consumers with a green consumption tendency purchase
AI products and services. NP denotes that consumers with a green consumption tendency do not
purchase AI products and services. Suppose that the probability that consumers adopt a P strategy
is z (z ∈ [0, 1]), and that the probability that consumers adopt an NP strategy is (1− z). The above
parameters are the functions of time.

Hypothesis 4. When governments adopt strategy S, the government must bear the monitoring
cost, Cg, such as human resource costs and law enforcement costs. Governments using strategy
S can obtain image improvement, θUg, via consumers that can purchase green AI products and
services. When governments adopt strategy NS, governments will suffer image loss, θDg, if the
consumers’ green consumption demand is not being met. No matter if governments supervise or
not, governments can obtain additional governance savings, Rg, when AI industry alliances adopt a
GD strategy, but governments must bear environmental governance costs, Lg, when AI industry
alliances adopt an NGD strategy.

Hypothesis 5. When AI industry alliances adopt a GD strategy, the output of green AI products
and services is Q1, the total cost of production and service is C1 = c1 ×Q1, and the total carbon
footprint caused by production and service is E1 = e1 ×Q1. When governments adopt an S strategy
and consumers adopt a P strategy, the carbon tax of the AI industry alliances is T1 = t× E1. The
AI industry alliances with a GD strategy can also obtain green technological innovation subsidies,
Se, from governments, along with sales revenue, R1 = p1 × Q1, and reputation improvement,
θUe, from consumers. Apparently, we should assume that R1 > C1. When AI industry alliances
adopt an NGD strategy, the output of traditional AI products and services is Q2. Ordinarily,
the cost of production and service is lower than that of adopting a GD strategy because the green
investment can be saved. The carbon footprint caused by production and service is relatively higher
than that of adopting a GD strategy. At this time, the total cost of production and service is
C2 = c2 ×Q2, and the total carbon footprint of production and service is E2 = e2 ×Q2. Therefore,
when governments adopt an S strategy and consumers adopt a P strategy, the AI industry alliances
with an NGD strategy must bear the carbon tax T2 = t× E2 and penalty M from governments due
to excess emissions, along with the sales revenue R2 = p2 × Q2 and fame loss θLe from consumers.
Apparently, we should assume that R2 > C2, c1 > c2, e2 > e1, p1 > p2.

Hypothesis 6. Because AI products and services produced in a low-carbon manner or produced in
a traditional manner have no distinct differences in their nature and performance [24,25,28], the
unit utility, u, that consumers obtain by purchasing green and traditional AI products and services,
is equivalent [24]. In addition, we can also suppose that the unit utility of traditional AI products
and services is greater than their price, whereas the unit utility of green AI products and services
may be less than their price (p2 < u < p1) [24]. When consumers adopt a P strategy and purchase
green AI products and services, they will obtain utility, U1 = u× Q1, by using the AI products
and services, gain self-satisfaction, θUs, by purchasing green AI products and services, and receive
subsidies, Sc = β×Q1, from governments with an S strategy. When consumers adopt a P strategy
and purchase traditional AI products and services, they can obtain utility, U2 = u×Q2, by using
AI products and services. Whether consumers purchase AI products and services or not, consumers
can obtain health benefits, Rc, when AI industry alliances adopt a GD strategy; consumers must
bear the loss of health, Lc, resulting from environmental pollution when AI industry alliances adopt
an NGD strategy. Apparently, we should assume that R1 > U1 and R2 < U2.

Hypothesis 7. Assume that the quantity of AI products and services produced by AI industry
alliances is equal to the quantity of AI products and services purchased by consumers [24]. Without
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loss of generality, we should also assume that Q1 < Q2 because, according to the general law of price
and demand, the higher the price is, the lower the demand is. Based on this, we can find E2 > E1,
T2 > T1, and U2 > U1. AI industry alliances must bear the value loss when consumers adopt an
NP strategy. Suppose that the value loss of unsalable green AI products and services is µ× C1, and
the value loss of unsalable traditional AI products and services is µ× C2 [24]. The notations of the
parameters mentioned above are presented in Table 2.

Table 2. The notations of the parameters mentioned above.

Parties Parameters Definition

Governments x The probability that governments adopt strategy S (0 ≤ x ≤ 1)
Cg Monitoring cost
Ug Image improvement gained from consumers
Dg Image loss caused by consumers
Rg Governance savings gained from AI industry alliances with a GD strategy
Lg Governance cost caused by AI industry alliances with an NGD strategy
t Unit carbon price

T1 Total carbon tax gained from AI industry alliances with a GD strategy
Se Green technological innovation subsidies to AI industry alliances with a GD strategy
β Coefficient of subsidies to consumers
Sc Consumption subsidies to consumers
T2 Total carbon tax gained from AI industry alliances with an NGD strategy
M Penalty gained from AI industry alliances with an NGD strategy

AI industry y The probability that AI industry alliances adopt strategy GD (0 ≤ y ≤ 1)
alliances Q1 Output and demand of green AI products and services

c1 Unit cost of producing green AI products and services
C1 Total cost of producing green AI products and services
e1 Unit carbon footprint of producing green AI products and services
E1 Total carbon footprint of producing green AI products and services
p1 Unit price of green AI products and services
R1 Sales revenue of green AI products and services
Ue Reputation improvement gained from consumers
Q2 Output and demand of traditional AI products and services
c2 Unit cost of producing traditional AI products and services
C2 Total cost of producing traditional AI products and services
e2 Unit carbon footprint of producing traditional green AI products and services
E2 Total carbon footprint of producing traditional green AI products and services
p2 Unit price of traditional AI products and services
R2 Sales revenue of traditional AI products and services
Le Reputation loss caused by consumers
µ Coefficient of value loss (0< µ < 1)

Consumers z The probability that consumers adopt strategy P (0 ≤ z ≤ 1)
u Unit utility by purchasing AI products and services

U1 Total utility gained from green consumption
U2 Total utility gained from traditional consumption
Rc Health benefits obtained from AI industry alliances with a GD strategy
Lc Health impairments caused by AI industry alliances with an NGD strategy
θ The level of consumers’ green consumption tendency (1 ≤ θ ≤ 2)

Us Self-satisfaction gained from green consumption

3.2.2. The Relationships between the Three Participants and the Payoff Matrix of the
Three Parties

According to the model assumptions mentioned above, the relationships between
these three participants for limiting the AI carbon footprint can be described in Figure 1,
and the payoff matrix of these three players is shown in Table 3.
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Table 3. The payoff matrix of these three players.

Strategy Profiles Governments AI Industry Alliances Consumers

(S,GD,P) −Cg + Rg + T1 − Se + θUg − Sc −C1 − T1 + Se + R1 + θUe −R1 + U1 + θUs + Sc + Rc
(S,GD,NP) −Cg + Rg + T1 − Se −µC1 − T1 + Se Rc
(S,NGD,P) −Cg − Lg + T2 + M −C2 − T2 −M + R2 − θLe −R2 + U2 − Lc
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(NS,GD,P) Rg −C1 + R1 + θUe −R1 + U1 + θUs + Rc

(NS,GD,NP) Rg −µC1 Rc
(NS,NGD,P) −Lg − θDg −C2 + R2 − θLe −R2 + U2 − Lc

(NS,NGD,NP) −Lg −µC2 −Lc

4. Stability Analysis of These Three Players’ Strategies
4.1. Stability Analysis of Governments’ Strategies

The expected revenue of governments using strategy S, the expected revenue of
governments using strategy NS, the average expected revenue of governments, the dynamic
replicator equation for governments, and the first derivative of the dynamic replicator
equation can be expressed as Ex1, Ex2, Ex, F(x) and F′(x), respectively. The mathematical
expressions of Ex1, Ex2, Ex, F(x) and F′(x) can be written as follows:

Ex1 = yzθUg − yzSc + y
(

Lg + Rg + T1 − Se − T2 −M
)
− Cg − Lg + T2 + M (1)

Ex2 = y
(

Rg + Lg+zθDg
)
− zθDg − Lg (2)

Ex = xEx1 + (1− x)Ex2 (3)

F(x) = dx/dt = x(Ex1 − Ex) = x(1− x)(Ex1 − Ex2) = x(1− x)
[
yz
(
θUg − Sc − θDg

)
+ y(T1 − Se − T2 −M)− Cg + T2 + M + zθDg

]
(4)

F′(x) = dF(x)/dx = (1− 2x)
[
yz
(
θUg − Sc − θDg

)
+ y(T1 − Se − T2 −M)− Cg + T2 + M + zθDg

]
(5)

According to the differential equation stability theorem, if, and only if, F(x) = 0 and
F′(x) < 0, the equilibrium strategy of governments can be determined. However, due to
the sign of the coefficients of y and z being indefinite, we cannot unpack the equilibrium
strategy of governments when the strategies of AI industry alliances and consumers vary.
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4.2. Stability Analysis of AI Industry Alliances’ Strategies

The expected revenue of AI industry alliances using the GD strategy, the expected
revenue of AI industry alliances using the NGD strategy, the average expected revenue
of AI industry alliances, the dynamic replicator equation of AI industry alliances, and the
first derivative of the dynamic replicator equation can be set as Ey1, Ey2, Ey, F(y) and F′(y),
respectively. The mathematical expression of Ey1, Ey2, Ey, F(y) and F′(y) can be written
as follows:

Ey1 = x(−T1 + Se) + z(−C1 + R1 + θUe + µC1)− µC1 (6)

Ey2 = x(−T2 −M) + z(−C2 + R2 − θLe + µC2)− µC2 (7)

Ey = yEy1 + (1− y)Ey2 (8)

F(y) = dy/dt = y
(
Ey1 − Ey

)
= y(1− y)

(
Ey1 − Ey2

)
= y(1− y)[x(−T1 + Se + T2 + M) + z(−C1 + R1 + θUe + µC1 + C2 − R2 + θLe − µC2) + µ(C2 − C1)] (9)

F′(y) = dF(y)/dy = (1− 2y)[x(−T1 + Se + T2 + M) + z(−C1 + R1 + θUe + µC1 + C2 − R2 + θLe − µC2) + µ(C2 − C1)] (10)

According to the differential equation stability theorem, if, and only if, F(y) = 0 and
F′(y) < 0, the equilibrium strategy of AI industry alliances can be determined.

Proposition 1. ∃x0 = [µ(C2 − C1)− z(−C1 + R1 + θUe + µC1 + C2 − R2 + θLe − µC2)]/
(−T1 + Se + T2 + M) such that when x > x0, the equilibrium strategy of AI industry alliances
is GD; when x < x0, the equilibrium strategy of AI industry alliances is NGD; when x = x0, the
equilibrium strategy of AI industry alliances cannot be determined.

Proof of Proposition 1. Let H(x) = x(−T1 + Se + T2 + M) + z(−C1 + R1 + θUe + µC1
+ C2 − R2 + θLe − µC2) + µ(C2 − C1). Apparently, ∂H(x)/∂x = −T1 + Se + T2 + M > 0;
that is, H(x) is an increasing function of x. When x > x0, H(x) > 0, F(y)|y=1 = 0,
F′(y)|y=1 < 0, and the equilibrium strategy of AI industry alliances is, therefore, GD. When
x < x0, H(x) < 0, F(y)|y=0 = 0, F′(y)|y=0 < 0, and the equilibrium strategy of AI industry
alliances is, therefore, NGD. When x = x0, H(x) = 0, F(y) = 0, F′(y) = 0. Therefore,
y ∈ [0, 1]; that is, the equilibrium strategy of AI industry alliances cannot be determined.
Proposition 1 is proven. �

Proposition 1 suggests that the proportion of AI industry alliances selecting strategy
GD will be enhanced when the proportion of governments adopting strategy S increases.

4.3. Stability Analysis of Consumers’ Strategies

The expected revenue of consumers using strategy P, the expected revenue of con-
sumers using strategy NP, the average expected revenue of consumers, the dynamic repli-
cator equation of consumers, and the first derivative of the dynamic replicator equation
can be set as Ez1, Ez2, Ez, F(z) and F′(z), respectively. The mathematical expressions of Ez1,
Ez2, Ez, F(z) and F′(z) can be written as follows:

Ez1 = xySc + y(−R1 + U1 + θUs + Rc + R2 −U2 + Lc)− R2 + U2 − Lc (11)

Ez2 = y(Rc + Lc)− Lc (12)

Ez = zEz1 + (1− z)Ez2 (13)
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F(z) = dz/dt = z(Ez1 − Ez) = z(1− z)(Ez1 − Ez2) = z(1− z)[xySc + y(−R1 + θUs + R2 + U1 −U2)− R2 + U2] (14)

F′(z) = dF(z)/dz = (1− 2z)[xySc + y(−R1 + θUs + R2 + U1 −U2)− R2 + U2] (15)

According to the differential equation stability theorem, if, and only if, F(z) = 0 and
F′(z) < 0, the equilibrium strategy of consumers can be determined.

Proposition 2. ∃x1 = [R2 −U2 − y(−R1 + θUs + R2 + U1 −U2)]/ySc such that when x > x1,
the equilibrium strategy of consumers is P; when x < x1, the equilibrium strategy of consumers is
NP; when x = x1, the equilibrium strategy of consumers cannot be determined.

Proof of Proposition 2. Let P(x) = xySc + y(−R1 + θUs + R2 + U1 −U2)− R2 + U2. Ap-
parently, ∂P(x)/∂x = ySc > 0; that is, P(x) is an increasing function of x. When x > x1,
P(x) > 0, F(z)|z=1 = 0, F′(z)|z=1 < 0, and the equilibrium strategy of consumers is,
therefore, P. When x < x1, P(x) < 0, F(z)|z=0 = 0, F′(z)|z=0 < 0, and the equilibrium
strategy of consumers is, therefore, NP. When x = x1, P(x) = 0, F(z) = 0, F′(z) = 0.
Therefore, z ∈ [0, 1]; that is, the equilibrium strategy of consumers cannot be determined.
Proposition 2 is proven. �

Proposition 2 suggests that the proportion of consumers choosing strategy P will be
enhanced when the proportion of governments adopting strategy S increases.

4.4. Stability Analysis of These Three Players’ Strategy Profiles

We can combine the three dynamic replicator equations mentioned above into a
three-dimensional dynamic replicator system, which constitutes the following:

F(x) = dx/dt
F(y) = dy/dt
F(z) = dz/dt

(16)

If the three equations are all zero, this indicates that equilibrium has been achieved in
the system and that the system will no longer evolve. At this time, eight pure strategy equi-
librium points, including (1,1,1), (1,1,0), (1,0,1), (1,0,0), (0,1,1), (0,1,0), (0,0,1), and (0,0,0), can
be obtained, and some mixed strategy equilibrium points can also be obtained. However,
subject to certain scenarios, some of these equilibrium points may be unstable equilibrium
points or saddle points. The stability of these equilibrium points needs further analysis.

The stability analysis can be divided into two stages. First, according to evolutionary
game theory, the stable equilibrium points and asymptotically stable equilibrium points
must be strict Nash equilibrium points, namely pure strategy equilibrium points. Therefore,
the mixed strategy equilibrium points are unstable equilibrium points, and we will only
consider the stability and its conditions for the eight pure strategy equilibrium points.
Second, the stability and its conditions for the eight pure strategy equilibrium points can
be analyzed by using the Jacobian matrix. The Jacobian matrix of the three-dimensional
dynamic replicator system can be written as follows:

J =

∂F(x)/∂x ∂F(x)/∂y ∂F(x)/∂z
∂F(y)/∂x ∂F(y)/∂y ∂F(y)/∂z
∂F(z)/∂x ∂F(z)/∂y ∂F(z)/∂z

 =

µ11 µ12 µ13
µ21 µ22 µ23
µ31 µ32 µ33

 (17)

µ11 = (1− 2x)
[
yz
(
θUg − Sc − θDg

)
+ y(T1 − Se − T2 −M)− Cg + T2 + M + zθDg

]
(18)
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µ12 = x(1− x)
[
z
(
θUg − Sc − θDg

)
+ T1 − Se − T2 −M

]
(19)

µ13 = x(1− x)
[
y
(
θUg − Sc − θDg

)
+ θDg

]
(20)

µ21 = y(1− y)(−T1 + Se + T2 + M) (21)

µ22 = (1− 2y)[x(−T1 + Se + T2 + M) + z(−C1 + R1 + θUe + µC1 + C2 − R2 + θLe − µC2) + µ(C2 − C1)] (22)

µ23 = y(1− y)(−C1 + R1 + θUe + µC1 + C2 − R2 + θLe − µC2) (23)

µ31 = z(1− z)ySc (24)

µ32 = z(1− z)(xSc − R1 + θUs + R2 + U1 −U2) (25)

µ33 = (1− 2z)[xySc + y(−R1 + θUs + R2 + U1 −U2)− R2 + U2] (26)

Eight constant matrices can be obtained when substituting the eight pure strategy
equilibrium points mentioned above into the Jacobian matrix J, respectively. For these
constant matrices, the elements located in the diagonal are not equal to zero, but the
elements located in other places are equal to zero. Therefore, the elements located in the
diagonal are the eigenvalues of these constant matrices. The eigenvalues of these constant
matrices are displayed in Table 4.

Table 4. Eigenvalues of the eight constant matrices.

Equilibrium
Points µ11 µ22 µ33

(1,1,1) −
(
θUg − Sc + T1 − Se − Cg

)
−(Se + T2 + M− T1 − C1 + R1 + θUe + C2 − R2 + θLe) −(Sc − R1 + θUs + U1)

(1,1,0) −
(
T1 − Se − Cg

)
−(Se + T2 + M− T1 − µC1 + µC2) Sc − R1 + θUs + U1

(1,0,1) −
(
−Cg + T2 + M + θDg

)
−T1 + Se + T2 + M−C1 + R1 + θUe +C2− R2 + θLe −(−R2 + U2)

(1,0,0) −
(
−Cg + T2 + M

)
Se + T2 + M− T1 − µC1 + µC2 −R2 + U2

(0,1,1) θUg − Sc + T1 − Se − Cg −(−C1 + R1 + θUe + C2 − R2 + θLe) −(−R1 + θUs + U1)
(0,1,0) T1 − Se − Cg −(−µC1 + µC2) −R1 + θUs + U1
(0,0,1) −Cg + T2 + M + θDg −C1 + R1 + θUe + C2 − R2 + θLe −(−R2 + U2)
(0,0,0) −Cg + T2 + M −µC1 + µC2 −R2 + U2

According to the Lyapunov stability condition, the equilibrium points are asymptoti-
cally stable when all the eigenvalues of the Jacobian matrix are lower than zero, namely,
µ11 < 0, µ22 < 0 and µ33 < 0. If at least one of the eigenvalues of the Jacobian matrix is
greater than zero, then the equilibrium points are unstable [29].

According to the above assumptions, −R2 + U2 > 0. Therefore, it is clear that the
equilibrium points (1,0,0) and (0,0,0) are unstable equilibrium points based on Lyapunov
stability conditions. The stability of the other pure strategy equilibrium points will be
analyzed under different scenarios.

Scenario 1. When −
(
θUg − Sc + T1 − Se − Cg

)
< 0, −(Se + T2 + M− T1 − C1 + R1 + θUe

+ C2 − R2 + θLe) < 0 and −(Sc − R1 + θUs + U1) < 0, (1,1,1) is the unique stable equilibrium
point, the stable equilibrium strategy profile is now (S,GD,P), where governments adopt strategy S,
AI industry alliances adopt strategy GD, and consumers adopt strategy P. At this moment, (1,1,0),
(1,0,1), and (0,1,1) are unstable equilibrium points, and (0,1,0) and (0,0,1) are saddle points.
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Scenario 2. When −
(
T1 − Se − Cg

)
< 0, −(Se + T2 + M− T1 − µC1 + µC2) < 0 and

Sc − R1 + θUs + U1 < 0, then (1,1,0) is the unique stable equilibrium point. Therefore,
the stable equilibrium strategy profile is now (S,GD,NP), where governments adopt strategy S, AI
industry alliances adopt strategy GD, and consumers adopt strategy NP. At this moment, (1,1,1),
(0,1,0), and (0,0,1) are unstable equilibrium points, and (0,1,1) and (1,0,1) are saddle points.

Scenario 3. When −
(
−Cg + T2 + M + θDg

)
< 0, −T1 + Se + T2 + M − C1 + R1 + θUe +

C2 − R2 + θLe < 0 and −(−R2 + U2) < 0, (1,0,1) is the unique stable equilibrium point, the
stable equilibrium strategy profile is now (S,NGD,P), where governments adopt strategy S, AI
industry alliances adopt strategy NGD, and consumers adopt strategy P. At this moment, (1,1,1)
and (0,0,1) are unstable equilibrium points, and (1,1,0), (0,1,0), and (0,1,1) are saddle points.

Scenario 4. When θUg − Sc + T1 − Se − Cg < 0, −(−C1 + R1 + θUe + C2 − R2 + θLe) < 0
and−(−R1 + θUs + U1) < 0, (0,1,1) is the unique stable equilibrium point, the stable equilibrium
strategy profile is now (NS,GD,P), where governments adopt strategy NS, AI industry alliances
adopt strategy GD, and consumers adopt strategy P. At this moment, (1,1,1), (0,1,0), (0,1,1), (1,0,1),
and (0,0,1) are unstable equilibrium points. Obviously, (0,1,1) is the ideal consequence. When
the evolutionary game system reaches (0,1,1), although there is no government supervision, AI
industry alliances provide green AI products and services, and the green consumption demand of
consumers can be met. Therefore, when the evolutionary game system reaches (0,1,1), this means
that the system has reached the optimal state.

Scenario 5. When T1 − Se − Cg < 0, −(−µC1 + µC2) < 0 and −R1 + θUs + U1 < 0, (0,1,0)
is the unique stable equilibrium point, the stable equilibrium strategy profile is now (NS,GD,NP),
where governments adopt strategy NS, AI industry alliances adopt strategy GD, and consumers
adopt strategy NP. At this moment, (1,1,0) and (0,1,1) are unstable equilibrium points, and (1,1,1),
(1,0,1), and (0,0,1) are saddle points.

Scenario 6. When −Cg + T2 + M + θDg < 0, −C1 + R1 + θUe + C2 − R2 + θLe < 0 and
−(−R2 + U2) < 0, (0,0,1) is the unique stable equilibrium point, the stable equilibrium strategy
profile is now (NS,NGD,P), where governments adopt strategy NS, AI industry alliances adopt
strategy NGD, and consumers adopt strategy P. At this moment, (1,1,0), (1,0,1), and (0,1,1) are
unstable equilibrium points, and (1,1,1) and (0,1,0) are saddle points.

5. Numerical Simulation

In this section, we will first assign values to the key parameters based on the case
of smart air conditioner consumption in China and related studies. Second, we will use
MATLAB to verify the stability of the optimal strategy profile mentioned above and to
analyze the evolution paths of the three players based on the initial values. Third, we will
conduct parameter sensitivity analysis based on the initial values and further explore the
impacts of the key factors on these three players’ strategy selection.

5.1. Case Choosing and Parameter Settings

The procedure for assigning values to the key parameters is as follows. First, we will
assign values to the key parameters based on a true case and related studies. Second, be-
cause some of the parameters are abstract, it is difficult to assign values to these parameters
according to the true case and related studies. Therefore, the related values will be assigned
subjectively, which is a practice that is widely adopted by other researchers in the field of
evolutionary game study [24,25].

This paper will take Gree smart air conditioner consumption in China as a case for
simulation. The reasons are as follows. First, the production and use of air conditioners
will generate a vast carbon footprint. The worldwide carbon emissions from air condi-
tioner operation will rise to 2070 million metric tons of CO2 by 2050 [30]. With the rapid
improvement of AI technologies, smart air conditioners have been produced and favored
by consumers. Smart air conditioners have become one of the most important parts of
distributed AI devices. Therefore, the carbon footprint from smart air conditioners is
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becoming the most significant source of the AI carbon footprint. Second, limiting the
carbon footprint of smart air conditioners is closely related to these three players mentioned
above. Therefore, the case is consistent with the above model assumptions. Third, Gree is
a world-famous air conditioner manufacturer, and Gree smart air conditioners are used
widely in China. However, more importantly, starting in 2022, China’s local governments
took some measures to promote the consumption of green smart air conditioners. Thus, o
the values of the key parameters can be obtained based on this case.

To be more specific, when compared with other smart air conditioners, we took
smart air conditioner A, with the product number KFR-72LW/(72530) FNhAm-B1, and
smart air conditioner B, with the product number KFR-72LW/(72530) FNhAc-B3, as the
research objects for simulation analysis. Both of these smart air conditioners were produced
by Gree in 2021. The reasons are as follows. First, according to the assumptions in
this paper, the chosen smart air conditioners must be produced in a green way and in
a traditional way. Obviously, smart air conditioners cannot be produced in two ways
simultaneously. Therefore, we not only had to choose the smart air conditioners that
are produced in a green way but also had to select another smart air conditioner that
was similar to the former but was produced in a traditional way. Fortunately, we found
that the Gree smart air conditioners A and B satisfy these research needs because both
of them have a smart defrosting function, meaning the two Gree smart air conditioners
have a similar function. However, Gree smart air conditioner A was included in the list
of green products manufactured in a green way, as per the 2021 Ministry of Industry and
Information Technology of China publication, and so it belongs to the category of green
smart air conditioners. In contrast, Gree smart air conditioner B was not included in this
list, so it belongs to nongreen smart air conditioners. Second, we also considered other
smart air conditioners that are produced by Midea, Haier, Changhong, and so on. However,
we found that the other smart air conditioners could not satisfy the research needs because
of the lack of comparisons, missing data, and poor timeliness.

Currently, the prices of smart air conditioners A and B are CNY 6799 and 5999,
respectively [31,32]. According to PWC’s 2022 Global Consumer Insight China Report,
45% of the respondents in China are willing to pay more than average for products that use
recycled, sustainable, or environmentally friendly materials [33]. Therefore, we can roughly
assume that the production and sales volume of smart air conditioner A is Q1 = 5 if the
production and sales volume of smart air conditioner B is Q2 = 10. Thus, the production and
sales revenue of smart air conditioner A is CNY R1 = 6799 × 5 = 33,995, and the production
and sales revenue of smart air conditioner B is CNY R2 = 5999 × 10 = 59,990. According
to the relevant research report, in 2021, the revenue from Gree air conditioners actually
accounted for 91.75% of the total revenue of Gree electric appliances, and the net profit rate
of Gree electric appliances was 12.15% [34]. In addition, young consumers in China are
willing to pay a 10–20% premium for environmentally friendly products and services [35].
Therefore, if we suppose that the two smart air conditioners have the same net profit rate
and that the green premium of smart air conditioner A is 10%, then we can roughly estimate
the total cost of the two smart air conditioners. The price that does not include the green
premium of smart air conditioner A is CNY 6799/1.1 = 6180.91. The total cost of smart air
conditioner A is CNY C1 = [6180.91 − (6180.91 × 0.1215)] × 5 = 27,149.65, and the total
cost of smart air conditioner B is CNY C2 = [5999 − (5999 × 0.1215)] × 10 = 52,701.22. The
coefficient of value loss can be set as µ = 0.2 [24].

Because China has yet to impose a carbon tax on air conditioner manufacturers, the
above total cost does not include the carbon tax. Therefore, the carbon tax should also
be estimated. China’s carbon price is relatively low when compared to that of the EU
and the US. In 2022, the peak carbon price was CNY 62/ton, and the annual average
carbon price was CNY 55.30/ton in China [36]. Therefore, we suppose the potential carbon
price of China is CNY 100/ton [28]. The total carbon emissions of an air conditioner
over its entire life cycle (10 years) are 5128 kg [37]. According to the air conditioner
carbon emission reduction potential assessment report released by Midea, which is also
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a well-known manufacturer of air conditioners in China, the annual emission reduction
potential of an air conditioner over its service stage is 135.5 kg/year [38]. Therefore, we
assume that the carbon emissions of smart air conditioner B are 5128 kg, and the carbon
emissions of smart air conditioner A are 5128 − 133.5 × 10 = 3793 kg. Based on this, the
carbon tax that should be paid for producing and selling smart air conditioner A is CNY
T1 = 3.793 × 5 × 100 = 1896.5, and the carbon tax that should be paid for producing and
selling smart air conditioner B is CNY T2 = 5.128 × 10 × 100 = 5128. It should be pointed
out that the carbon tax mentioned above was calculated according to the connotation
of Scope 3 emissions; that is, AI industry alliances should be responsible for the carbon
emissions generated during the entire life cycle of AI products and services. In other
words, AI industry alliances should be responsible for the carbon emissions caused by the
downstream use of AI products.

At present, the subsidy offered by governments to consumers who purchase green
smart air conditioners is 10% of the selling price [39]. Therefore, the subsidy value for
consumers is CNY Sc = 6799 × 0.1 × 5 = 3399.5. Without loss of generality, we set the
value of θ to 1.5; namely, the green consumption tendency of consumers is at a moderate
level under the initial condition. The values of the rest of the parameters were assigned
subjectively by considering the practice of China and borrowing from other studies [24].
The initial values of the parameters are shown in Table 5.

Table 5. The initial values of the parameters.

Parameters Values Parameters Values Parameters Values

Q1 5 µ 0.2 Ug CNY 500
Q2 10 e1 3793 kg Dg CNY 100
p1 CNY 6799 e2 5128 kg t CNY 100/ton

premium 10% E1 18,965 kg β CNY 679.9
net profit rate 12.15% E2 51,280 kg Sc CNY 3399.5

c1 CNY 6180.91 T1 CNY 1896.5 θ 1.5
C1 CNY 27,149.65 T2 CNY 5128 u CNY 6300
R1 CNY 33,995 Ue CNY 200 U1 CNY 31,500
p2 CNY 5999 Le CNY 500 U2 CNY 63,000
c2 CNY 5270.12 Se CNY 100 Us CNY 2000
C2 CNY 52,701.22 M CNY 300
R2 CNY 59,990 Cg CNY 1000

5.2. Stability Verification of Optimal Strategy Profile

In terms of the evolutionary result, under the initial condition, the inequality con-
ditions of Scenario 4 can be satisfied, and the evolutionary game system will reach the
optimal state (0,1,1). The simulation results are shown in Figure 2a,b. It can be seen from
Figure 2a,b that the initial values of x, y, and z are 0.1 and are taken in steps of 0.2 from
0.1 to 0.9, meaning the initial strategies of the three participants are diverse. However,
with the continuous extension of evolutionary time, the values of x eventually converge
to 0, and the values of y and z gradually converge to 1. The reasons are as follows. In this
scenario, the total carbon tax that the governments gained from AI industry alliances adopt-
ing strategy GD and the image benefits that the governments obtained from consumers
adopting strategy P are lower than the total supervision cost that governments must bear
and the subsidies they offer to AI industry alliances and consumers: Se+Sc+Cg > T1 + θUg.
The benefits obtained by AI industry alliances adopting strategy GD outweigh those of
adopting strategy NGD: θUe + Se − C1 + R1 > R2 − C2 − θLe. The benefits obtained by
consumers adopting the P strategy are greater than the costs of green AI products and
services: θUs + Uc > R1. Therefore, whatever the initial strategies of the three players are,
the governments will adopt strategy NS gradually, the AI industry alliances will ultimately
adopt strategy GD, and the consumers will adopt strategy P finally.
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In terms of evolutionary speed, it can be seen in Figure 2b that the speed at which
these three players achieve a stable state is different under the initial condition. Whatever
the initial values of x, y, and z are, the AI industry alliances will be the first to reach a steady
state; then, the governments achieve a stable state, and the speed at which consumers
achieve a stable state is the slowest. This indicates that under the initial condition, the
speed of adjusting the strategy is the fastest under AI industry alliances, the consumers’
speed of adjusting their strategy is the slowest, and the speed of governments adjusting
their strategy is at a medium level.

In terms of the evolutionary process, it can also be seen in Figure 2b that the evolu-
tionary strategy paths of governments have a tendency to increase first and then decrease
when the initial values of x, y, and z are at a relatively low level. This indicates that
regulation by governments is indispensable for limiting the AI carbon footprint when
the probability that AI industry alliances will adopt strategy GD and the probability that
consumers will adopt strategy P are relatively low. In general, the participants’ motivation
might be underpowered for limiting the AI carbon footprint during the early stage because
the uncertainty of the strategies of other players is higher, and the risks are also higher.
Therefore, regulation by governments is indispensable for limiting the AI carbon footprint
during the early stages. In order to drive the system to an optimal state, governments
should first put forward some policy measures for limiting the AI carbon footprint.

5.3. Parameters Sensitivity Analysis
5.3.1. Key Parameters Choice and Parameter Variation Range Settings

In order to explore the influence of key variables on these three players’ strategy
selection, we had to first choose the key parameters that impact these three players’ strategy
selection and then set the variation range of these key parameters.

In terms of key parameter choice, we selected the key parameters that impacted these
three players’ strategy selection based on the inequality conditions of Scenario 4 because
Scenario 4 is the optimal state of the system. First, according to the inequality conditions of
Scenario 4, the green consumption tendency, θ, the image benefits, Ug, the regulatory cost,
Cg, the carbon price, t, the subsidies, Sc, to consumers, and the subsidies, Se, to AI industry
alliances are the critical factors regarding the strategy selection of governments. Thus, we
investigated how these variables influence the strategy selection of governments. Second,
according to the inequality conditions of Scenario 4, the green consumption tendency, θ,
the carbon price, t, the subsidies, Se, to AI industry alliances, the reputation improvement,
Ue, and the reputation loss, Le, are the crucial factors in the strategy selection of AI industry
alliances. Thus, we investigated how these variables influence the strategy selection of
AI industry alliances. Third, according to the inequality conditions of Scenario 4, the
green consumption tendency, θ, the subsidies, Sc, to consumers, the self-satisfaction, Us,
obtained from green consumption, and the utility, U1, gained from green consumption are
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the significant factors for the strategy selection of consumers. Thus, we investigated how
these variables influence the strategy selection of consumers.

In terms of key parameter variation range settings, we set the range of key parameter
variation based on the initial values of the abovementioned parameters. When the other
initial values remain unchanged, we set the values for green consumption tendency, θ, as 1,
1.5, and 2, which represent a low, medium, and high level of green consumption tendency,
respectively. All of the following values were set under the conditions that remaining other
values/parameters were kept the same: When the other initial values are kept unchanged,
set the values of image benefits, Ug, as CNY 250, 500 and 750, which represents a low,
medium, and high level of image benefit, respectively; set the values of regulatory cost,
Cg, as CNY 500, 1000, 1500, which represents a low, medium, and high level of regulatory
cost, respectively; set the values of carbon price, t, as CNY 50, 100, 150, which represents a
low, medium, and high level of carbon price, respectively; set the values of the subsidies
to consumers, Sc, as CNY 1699.75, 3399.5, 5099.25, which represents that the subsidies to
consumers are 5%, 10%, and 15% of the selling price, respectively; namely, a low, medium,
and high level of subsidies to the consumers, respectively; set the values of the subsidies to
AI industry alliances, Se, as CNY 60, 100, 140, which represents a low, medium, and high
level of subsidies to AI industry alliances, respectively; set the values for the reputation
improvement, Ue, as CNY 100, 200 and 300, which represents a low, medium, and high
level of reputation improvement, respectively; set the values of the reputation loss Le as
CNY 250, 500, 750, which represents a low, medium, and high level of reputation loss,
respectively; set the values of self-satisfaction Us as CNY 1000, 2000, 3000, which represents
a low, medium, and high level of self-satisfaction, respectively; set the values of utility U1
as CNY 30,000, 31,500, 33,000, which represents a low, medium, and high level of utility,
respectively. Without loss of generality, the initial values of x, y, z were set as 0.5.

5.3.2. The Impacts of Key Factors on Strategy Selection of Governments

Figure 3 shows the impacts of key variables on the strategy selection of governments.
As depicted in Figure 3a–c, with the extension of evolutionary time, the same ESS can be
reached regardless of the green consumption tendency, image benefits, or carbon price.
Meanwhile, the evolutionary strategy paths take on a tendency of increasing first and then
decreasing regardless of the green consumption tendency, image benefits, or carbon price,
which indicates that regulation by governments is indispensable for limiting the AI carbon
footprint during the early stages. Besides, the higher the green consumption tendency,
image benefits, and carbon price are, the slower the ESS is reached. The higher the green
consumption tendency, image benefits, and carbon price are, the higher the maximum
adoption rate of strategy S is to achieve. The results indicate that governments are sensitive
to these factors, and that these factors can play a positive role in promoting government
adoption of strategy S. In addition, the probability that governments adopt strategy S is the
lowest when the carbon price is at a low level, but the probability that governments adopt
strategy S is the highest when the carbon price is at a high level. Therefore, governments
are most sensitive to the carbon price.

As shown in Figure 3d–f, with the prolonging of time elapsed, all the evolutionary
paths gradually converge at the same ESS regardless of the regulatory cost or the subsidies
to consumers and AI industry alliances. Meanwhile, the strategy evolution paths take
on a tendency to increase first and then decrease regardless of the regulatory cost or the
subsidies to consumers and AI industry alliances. Besides, the higher the regulatory cost
and the subsidies to consumers and AI industry alliances are, the faster the ESS is reached.
The higher the regulatory cost and the subsidies to consumers and AI industry alliances
are, the lower the maximum adoption rate of strategy S is achieved. The results indicate
that governments are also sensitive to these factors, but these factors can play a negative
role in promoting government adoption of strategy S. In addition, the probability that
governments adopt strategy S is the highest when the subsidies to consumers are at a
low level, but the probability that governments adopt strategy S is the lowest when the
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subsidies to consumers are at a high level. Therefore, governments are most sensitive to
the subsidies to consumers.
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Figure 3. The impacts of key variables on strategy selection of governments. (a) shows the impact
of green consumption tendency on strategy selection of governments. (b) shows the impact of
image benefits on strategy selection of governments. (c) shows the impact of carbon price on
strategy selection of governments. (d) shows the impact of regulatory cost on strategy selection of
governments. (e) shows the impact of subsidies to consumers on strategy selection of governments.
(f) shows the impact of subsidies to AI industry alliances on strategy selection of governments.

5.3.3. The Impacts of Key Variables on Strategy Selection of AI Industry Alliances

Figure 4 shows the impacts of key variables on the strategy selection of AI industry
alliances. As depicted in Figure 4, as time goes on, all the evolutionary paths gradually
converge at the same ESS regardless of green consumption tendency, carbon price, subsidies,
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reputation improvement, and reputation loss. Still, all the times taken to reach the ESS
are nearly identical, regardless of green consumption tendency, subsidies, reputation
improvement, and reputation loss. However, the higher the carbon price is, the faster
the ESS is reached. This implies that AI industry alliances are not sensitive to subsidies,
reputation improvement, or reputation loss but are most sensitive to carbon prices.
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Figure 4. The impacts of key variables on strategy selection of AI industry alliances. (a) shows the
impact of green consumption tendency on strategy selection of AI industry alliances. (b) shows the
impact of carbon price on strategy selection of AI industry alliances. (c) shows the impact of subsidies
on strategy selection of AI industry alliances. (d) shows the impact of reputation improvement
on strategy selection of AI industry alliances. (e) shows the impact of reputation loss on strategy
selection of AI industry alliances.
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5.3.4. The Impacts of Key Variables on Strategy Selection of Consumers

Figure 5 shows the impacts of key variables on the strategy selection of consumers. As
shown in Figure 5a,c,d, when the values of green consumption tendency, self-satisfaction,
and utility are at a low level, the evolutionary paths of consumers exhibit periodic fluctua-
tions. However, the ESS can be reached when the values of green consumption tendency,
self-satisfaction, and utility are at a medium or high level, and the higher the green con-
sumption tendency, self-satisfaction, and utility are, the faster the ESS is reached. These
results demonstrate that consumers are most sensitive to green consumption tendency,
self-satisfaction, and utility. As shown in Figure 5b, all the evolutionary paths gradually
converge at the same ESS regardless of subsidies, and the higher the subsidies are, the faster
the ESS is reached. Moreover, it can also be found that the time taken to achieve the ESS is
almost the same when the subsidies offered by governments to consumers who purchase
green smart air conditioners are 10% and 15% of the selling price. This indicates that the
consumers are not sensitive to subsidies, meaning that green consumption subsidies cannot
adequately stimulate consumers’ green consumption behavior.
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Figure 5. The impacts of key variables on strategy selection of consumers. (a) shows the impact of
green consumption tendency on strategy selection of consumers. (b) shows the impact of subsidies
on strategy selection of consumers. (c) shows the impact of self-satisfaction on strategy selection of
consumers. (d) shows the impact of utility on strategy selection of consumers.

6. Discussion and Implications
6.1. Discussion

On the one hand, the results in this paper corroborate the findings of the previous
work. More precisely, this study concludes that governments can play an important
role in limiting the AI carbon footprint. This finding is in accordance with the studies
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conducted by Kaack et al. [5] and Cowls et al. [6], which emphasize the importance of
governments in limiting the AI carbon footprint. On the other hand, when compared to
other studies, there are some new findings in this paper. First, this study suggests that
regulation by governments is indispensable for limiting the AI carbon footprint during the
early stages but is dispensable when the system achieves an optimal state. In other words,
our study emphasizes the transition role of governments in the process of limiting the AI
carbon footprint. However, other studies merely highlight the importance of regulation
by governments of the AI carbon footprint and do not further discuss the different roles
of governments during different stages [5,6]. Second, when compared to other factors,
this paper finds that governments and AI industry alliances are most sensitive to carbon
prices. This indicates that carbon tax can be regarded as the most important policy tool for
governments in the process of limiting the AI carbon footprint generated from AI industry
alliances. However, previous studies do not put a particular emphasis on this point [5,6].
There is no doubt that our findings have important practical guidance value in limiting the
AI carbon footprint. Third, this study also concludes that governments are sensitive to the
subsidies given to consumers. This means that in terms of limiting the AI carbon footprint,
consumers can influence the behavior of governments. However, other studies do not fully
highlight the influence of consumers in limiting the AI carbon footprint.

6.2. Recommendations

Based on the above results, we can put forward four important insights when limiting
the AI carbon footprint. First, governments have a great influence on the strategy selection
of AI industry alliances and consumers, and regulation by governments is indispensable
for limiting the AI carbon footprint during the early stages but is dispensable when the
system achieves an optimal state. Therefore, governments should realize the importance of
limiting the AI carbon footprint and fulfill regulatory responsibility at the beginning of this
process. Meanwhile, with the gradual establishment of the market mechanism for limiting
the AI carbon footprint, the interventions by governments should be reduced inch by inch.
Second, governments are most sensitive to carbon prices and subsidies to consumers, and
the AI industry alliances are also most sensitive to carbon prices. Therefore, if governments
decide to adopt a regulatory strategy, carbon markets that have more industry sectors and a
higher trading efficiency must be constructed so as to shape a reasonable carbon price and
motivate AI industry alliances to reduce their carbon footprint. Although governments are
most sensitive to subsidies given to consumers, the consumers are not sensitive to subsidies.
Therefore, when governments adopt a regulatory strategy, higher subsidies that are given
to consumers are not always better for limiting the AI carbon footprint, and the amounts
of subsidies given to consumers should be set according to the revenues of governments.
Third, consumers are sensitive to green consumption tendencies, self-satisfaction, and
utility. Therefore, AI industry alliances should realize the importance of green development
and formulate a green development strategy so as to meet the green consumption needs of
consumers and push forward the AI industry’s green transition. To be more specific, AI
industry alliances can take action by building green supply chains, setting unified energy
efficiency standards for green AI products and services, increasing investment in green
AI product and service research and development, and disseminating the environmental
value of green AI products and services to consumers. Last but not least, consumers should
stick to the concept of green consumption and purchase green AI products and services if
possible. For instance, consumers can inquire about the potential negative impact of AI
products and services on the environment before purchasing them.

6.3. Limitations

The main limitations of this paper are as follows. First, the evolutionary game model
constructed in this paper primarily describes the interactions between governments, AI
industry alliances, and consumers in the process of limiting the AI carbon footprint. How-
ever, AI industry alliances contain many diverse participants, such as cloud providers, AI



Sustainability 2023, 15, 9013 21 of 23

researchers, and different companies using AI models, and these will influence each other
in the process of limiting the AI carbon footprint. However, this paper does not consider
the interactions between said participants that belong to AI industry alliances. Second,
this paper verifies the stability of the optimal strategy profile and conducts parameter
sensitivity analysis based on the case of smart air conditioner consumption in China, but
China’s market circumstances and institutional environment may be different from other
countries’. Therefore, some conclusions may not be applicable in other countries.

6.4. Conclusions

With the ever-growing adoption of AI, AI is now considered to play an important role
in tackling climate change. At the same time, the carbon footprint caused by AI is also
scaling quickly and may offset the effort to reduce carbon emissions to some extent. In order
to explore effective approaches for limiting the AI carbon footprint, we first constructed
a tripartite evolutionary game model by taking governments, AI industry alliances, and
consumers into consideration. Then, the stability of the strategies of the three players was
analyzed. Third, we verified the stability of the optimal strategy profile and explored the
impacts of key factors on the three players’ strategy selection, based on the case of smart
air conditioner consumption in China. There are four main findings in this paper.

First, the proportion of AI industry alliances that select strategy GD and the proportion
of consumers that choose strategy P are enhanced when the proportion of strategy S
adopted by governments increases. Second, the ideal consequence is (0,1,1); at this time,
governments adopt strategy NS, AI industry alliances adopt strategy GD, and consumers
adopt strategy P. However, regulation by governments is indispensable for limiting the AI
carbon footprint during the early stages. Third, the speed of strategy adjustment by AI
industry alliances is the fastest, whereas that by consumers is the slowest, and governments
operate at a medium speed. Last but not least, although the green consumption tendency,
image benefit, regulatory cost, carbon price, and subsidies given to consumers and AI
industry alliances can largely influence the strategy selection of governments, governments
are most sensitive to the carbon price and the subsidies given to consumers. AI industry
alliances are not sensitive to subsidies, reputation improvement, and reputation loss but are
most sensitive to carbon prices. Consumers are sensitive to green consumption tendencies,
self-satisfaction, and utility but are not sensitive to subsidies.
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