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HIGHLIGHTS

e A comprehensive ABM for China’s power-ETS system, capturing multi-market interactions and firm heterogeneity, is proposed.
e Advanced simulation using multi-agent deep reinforcement learning for optimized decision-making is employed.
o The model utilizes realistic data from over 3000 Chinese power firms, ensuring high evaluation accuracy.
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This paper develops an agent-based model to study the impact of China’s national carbon market on the decision-
making behaviors of power generation firms by accounting for their multidimensional heterogeneity. The multi-
agent deep deterministic policy gradient algorithm is employed to optimize firm strategies in production, low-
carbon technology adoption, and allowance trading. An application study is conducted by using the real data
from over 3000 Chinese power firms and the real price data from the China national carbon market. The
modeling results show that tightening emission reduction targets leads to higher carbon and power prices,
greater renewable energy generation, and increased adoption of low-carbon technologies. Additionally, our
study highlights the critical role of allowance allocation methods, with auction-based rule providing more stable
and higher carbon price signals that incentivize earlier emission reductions. The research also identifies a
disparity between large-scale and small-medium-scale firms in terms of participation in allowance trading and
low-carbon technology adoption, with larger firms leading in both areas. The findings offer valuable insights for
enhancing the cost-effectiveness and incentive mechanisms of carbon market.

1. Introduction

The emission trading system (ETS) has emerged as a crucial policy
tool for effectively managing carbon emissions and facilitating the
widespread adoption of low-carbon technologies [1-3]. Under the ETS,
the government first sets the carbon emission cap for a determined
compliance period and allocate the emission allowance to firms ac-
cording to certain rules [4]. Meanwhile, firms can flexibly adopt three
types of emission reduction measures, including allowance trading
strategies, production decision or technological innovation [5]. At the
end of the compliance period, the government penalizes firms that
exceed the emission by reducing their emission allowances for the
following year and requiring them to pay fines.

Currently, 36 emissions trading systems are in force worldwide [6].

* Corresponding authors.

China has initiated regional ETS pilots in eight provinces since 2013 and
officially launched the national carbon market in July 2021. Numerous
studies have demonstrated that carbon markets play a crucial role in
helping China achieve its emission reduction targets and promoting low-
carbon technology innovation [7-9]. For instance, [10,11] have shown
that the implementation of ETS significantly reduces carbon intensity
per unit of GDP and fosters the development and application of low-
carbon technologies. Nevertheless, the national carbon market in
China has exhibited phenomena such as loose allowance allocation,
sluggish trading, and price volatility during its actual operation [12].
These issues may undermine the cost-effectiveness of the carbon market.
Specifically, the loose allocation of allowances leads to market supply-
demand imbalances, insufficient trading activity, and frequent price
fluctuations, thereby weakening the incentive effect of the carbon
market on corporate emission reduction behaviors [13-15].
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Nomenclature

Abbreviations

ABM Agent-based model

ETS Emission trading system

MARL  Multi-Agent Reinforcement Learning

MADDPG Multi-agent deep deterministic policy gradient

CTDE Centralized Training and Decentralized Execution
A3C Advantage Actor-Critic

TD Temporal-Difference

Indices

Index of the firm agent

Index of the compliance period
Index of the time scale of day
Index of the time scale of month
Index of the time scale of year

< 3 g~

k Index of the time scale of second

j Index of the low-carbon technology

g Index of the generation type

Variables

g Trading volume in the day-ahead market

pPA Trading prices in the day-ahead market

qP Trading volume in the day-ahead market

pP Trading prices in the intraday market

q, The monthly contract volume in power market

q}fy The annual contract volume in power market

Xitk The trading volume of agent i in the carbon market

pﬂk,pfg_l;fd/ “k The trading price of agent i in the carbon market

Zijt The investment decisions of agent i on low-carbon
technologies

The effectiveness of emission reductions in carbon markets is heavily
dependent upon the design of carbon trading mechanisms and the ex-
pectations and behaviors of firms. Previous studies on the evaluation of
ETS mechanism usually employ top-down models, such as Computable
General Equilibrium models (CGE) and System Dynamics models (SD)
[16,17]. However, these top-down models have certain limitations.
First, they overlook the heterogeneity characteristics of firms, and are
confined to the constraints of strong assumptions [18,19]. Second, these
models are based on the assumption of complete information, which
deviates from the behavioral dynamics in realistic market environment.
In addition, these models also neglect the dynamic interaction process
among firms when simulating the equilibrium solution [20].

Agent-based model (ABM) offers a powerful alternative by explicitly
representing the micro-level behavior of heterogeneous firms, including
their market trading, auction bidding, and low-carbon technology
adoption decisions [21,22]. Besides, ABM has advantages in dealing
with issues such as interactive effects, heterogeneity, bounded ratio-
nality and learning process [23,24]. Therefore, some studies have used
the ABM models to investigate the impact of ETS on the behavior of
firms within different industries, including steel, petrochemical, power
and agriculture [25,26].

In the ABM model, agents are the individual entities involved in
bottom-level and the core components of the complex adaptive system.
Each agent can communicate and interact with other agents, and make
decisions or actions according to their goals, rules and environment
[11]. As to power firms covered in carbon market, we consider agents to
possess the following features [27]:

(1) Agent Interaction: Agents can interact with other agents or with
the environment through information exchange, resource
sharing, cooperation, and competition [24]. From a micro
perspective, interaction can be regarded as a game process, where
each agent makes the optimal choice according to their own
utility function and behavior strategy [10]; from a macro
perspective, interaction can be regarded as a collective behavior,
where multiple agents achieve a certain global goal through co-
ordination or competition [28]. For example, [29] designed the
production decision rules of thermal power firms from the
perspective of uncertainty of production decision, and defined
the interaction patten and feedback relationship in the ABM
model.

(2) Heterogeneity: In the modeling and analysis of the carbon market
utilizing ABM, the heterogeneity of agents embodies the di-
versity, complexity, and dynamism inherent in the market [30].
The heterogeneity of agents includes differences in firms’ type

[31], technical parameters [32], information acquisition [33],
firms’ goals [34], risk preference [35], bidding strategy [10], and
behavior norms [36], which affect the decision and interaction of
agents. For example, [37] explained the decision behavior of
firms under three non-equilibrium frameworks by simulating the
regulated firms as heterogeneous agents with different allowance
requirements, emission reduction costs and technology
preferences.
(3) Bounded Rationality: Many studies have considered the bounded
rationality of agents in applying ABM models [18]. Theoretically,
bounded rationality reflects the limitations and uncertainties of
agents when facing complex problems [38], which could affect
the carbon price and trading volume of the carbon market [35].
Depending on the research problem, assumption, and parameter
setting, scholars have characterized the bounded rationality
behavior of agents by designing the learning rate and inertia
coefficient of multi-agents by using gradient algorithm or genetic
algorithm [24,39]. For example, [24] analyzed how bounded
rational firms coordinate three emission reduction decisions
(output adjustment, low-carbon technology adoption and allow-
ance trading) by following the set of “fast and frugal heuristics”.
Learning and Adaptation: The learning and adaptation mecha-
nism reflects the dynamic characteristics and evolution process of
agents [40]. In the power market, each firm agent can adaptively
adjust their own production strategy according to various envi-
ronmental factors, such as market demand, long-term and short-
term price trends, and the behavior of competitors [41]. In the
learning process, agents acquire knowledge and adapt to market
changes by observing the market information such as price, de-
mand, supply, etc. [24]; they can also learn and adapt to the in-
fluence of other agents by observing the behavior or strategy of
other agents [36]. Moreover, agents can update learning-based
strategies by using different methods, such as Q-Learning algo-
rithm, which was employed by [41] to update the interaction and
adaptation process of agents with real market data.

(4

-

Recent research has also explored the synergistic potential of
combining ABM with Multi-Agent Reinforcement Learning (MARL) in
energy markets. Studies have employed improved MARL algorithms,
such as MADDPG, to address multi-agent energy management optimi-
zation in complex market environments [39] and to investigate coor-
dinated bidding strategies in multi-agent power systems [42]. These
studies demonstrate the growing interest in combining ABM and MARL
to capture the complex interactions and learning behaviors of agents in
dynamic energy environments.
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Fig. 1. The framework of the ABM. Note. Generation agents are heterogeneous power firms participating in electricity and carbon markets, differentiated by scale,

cost structures, and technology attributes.

However, current models often fall short in realistically capturing
these dynamics [43]. Much existing research on carbon markets focuses
on the impact of policy changes on power firms within simplified, single,
or static market environments, frequently oversimplifying firm behav-
iors and market dynamics. This simplification, coupled with reliance on
small datasets and less sophisticated modeling techniques, limits the
accuracy of policy evaluations. Critically, previous work often simplifies
the complex and diverse decision-making processes of firms, neglects the
heterogeneity of firm types, and overlooks the dynamics of real market
price fluctuations. Furthermore, many studies also utilize a single tem-
poral dimension, failing to adequately represent the interactive re-
lationships between the allowance market and the power market over
longer time horizons. This can significantly affect the accuracy of policy
impact assessments.

This paper addresses these limitations by developing a novel ABM for
the Power-ETS System that leverages real-world data from over 4000
power firms with multi-dimensional heterogeneity. The model explicitly
accounts for the interactions among multiple markets and simulates the
decision-making behaviors of power firms within this integrated
framework. Furthermore, the model employs an improved MADDPG
algorithm to enhance accuracy and predictive capability, enabling a
more comprehensive understanding of system uncertainties and emer-
gent properties. By simulating the complex interactions of a large and
diverse population of agents, our model offers a more realistic repre-
sentation of firm behaviors and market outcomes.

This paper is structured as follows. In Section 2, we provide a
detailed introduction to the specification model, encompassing both the
model framework and algorithm settings. Then, the results are provided
and discussed in Section 3. Finally, we conclude in Section 4.

2. Model and algorithm design
2.1. Model framework

In this paper, we design an ABM that integrates the power and car-
bon markets to simulate the decision-making behavior of power firms
under new market designs, including reducing emission budgets,
changing allocation rule and covering more firms. The interaction be-
tween participating agents and multiple markets as previous studies
[24,29,44], as shown in Fig. 1. The model aims to analyze the opera-
tional dynamics of power generation firms, encompassing power pro-
duction, power pricing, allowance trading, carbon pricing, and low-
carbon technology adoption.

In the presence of complete information, power firms develop carbon
price expectations by analyzing historical data, environmental signals,
and other relevant factors to inform their decisions on emission reduc-
tion [11]. Simultaneously, these agents adjust their behavioral strategies
at each stage based on their own historical experience and market in-
formation using reinforcement learning algorithms in order to effec-
tively respond to market changes and policy impacts, which are detailed
in Section 3.4.

Similar to [24], we also incorporate a multi-level time framework
into the model to refine different types of decisions made by firms,
including yearly (T), Daily (t), and Secondly (k). Different time scales
represent the types of differentiated decisions made by firms.

e The model takes the year as the longest time scale. For understanding
and calibration simplicity, we assume that the compliance period is
as long as one “year” (T). And each compliance period is further
divided into several days (t):
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T={12..1} M

e At each day (t), power firms conduct bidding transactions in the spot
electricity market to determine the trading prices and volumes of the
day-ahead market and intraday market (g7, pP*, q%,p/?), and ach-
ieve short-term emission reduction through production adjustments:

qt it g ol VielVteT ®)

e In the power market, medium and long-term contracts can be
established on a monthly (m) and annual (y) basis to determine the
contract capacity and contract price:

Gin:D,q,py VielVYmeM,VyeY 3)

o The carbon market is subdivided into several seconds (k) at each day,
reflecting the continuous double-sided auction mechanism for
transactions:

Xiero Doy Vi€eLvteT,vkeK K={1,2,..,3600} (O]

e Firms can make investment decisions (2;j,) on low-carbon technol-
ogies, reflecting their long-term expectations for future emissions
reductions:

7. €{0,1} VieLVjeJVteT 5)

On this basis, firm decisions are made on a daily basis (such as
production plans and technological investments), while carbon market
transactions simulate a continuous bidding mechanism at a second-level
frequency (reflecting the market’s instantaneous liquidity). The two are
coordinated through an asynchronous clock: daily decisions generate
trading strategies, and the carbon market executes transactions at a
second-level frequency within the day. And our ABM can be segmented
into four distinct modules for individual modeling: power generation
module, government module, electricity market module, and carbon
market module, which is shown in Supplementary material.

2.2. Multi-agent reinforcement learning algorithm

The interaction and dynamic evolution process among diverse
intelligent agents often occur within the state space and action space.
Therefore, it is imperative to implement an adaptive strategy, such as
fairness, cooperation, or competition strategy, in order to enhance
collaborative learning among intelligent agents [45,46]. In order to
comprehensively characterize the dynamic evolutionary traits of the
coupling mechanism between electricity and carbon markets, this paper
has made targeted enhancements and innovative applications to the
MADDPG algorithm.

The decision-making processes of power generation firms, including
production, technological adoption, and carbon trading decisions (qft",
q®. g™, qf,, zij, xir 1), are informed by historical data. These decisions
exhibit the Markov property, indicating that they are influenced by
observations from previous time slots. From a mathematical perspective,
the use of Markov games allows for the re-expression of optimal control
as a MARL problem, encompassing sets of states, actions, rewards, and
state transition probability distributions for agents [46].

Simultaneously, a Centralized Training and Decentralized Execution
(CTDE) framework is adopted to adapt to the multi-agent environment
[51]. Each agent has an independent actor network for decision-making,
while they collectively share a global critic network to assess the
effectiveness of their decision-making (as depicted in Fig. 2).

We define the state space and the local observation s;; =
{01,t7 02y .nns o,,,[}, as well as the action space (act;;) of the agent within
the model. In the learning process based on the Actor-Critic framework,
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the policy network refines its output through learning and adjust pa-
rameters of the actor network (0? ), in order to select optimal actions
within specific states for the purpose of maximizing long-term rewards.

Qi ~ A/;l"ﬂi( Hi (Oimwi“) 751-2) (6)

Eq. (6) indicates that, in state o;,, the actor network yu; produces a
deterministic action y;(0;|¢;). Then, it is perturbed by Gaussian noise
1 with variance ¢? to obtain the final stochastic action act;,. Besides,
we also introduce Asynchronous Advantage Actor-Critic (A3C) to utilize
multiple parallel actors for exploration and sampling. This approach
accelerates the sample generation and policy learning processes, thereby
expanding the DDPG algorithm framework.

7 is the agent policy with parameter 6, 7, is the current policy, 7 is
the old policy, p* is the status distribution under the current policy,
A" (s, a) is the advantage function, and J(¢) is the cumulative expected
reward of the i-th agent, so the gradient of the i-th agent can be
expressed as':

Vf/‘](el) = Es~p”b“ a~y [vn‘/ log”ﬂf (a‘s)AﬂH (S ) a)] )

The attention mechanism can improve the information extraction
and value function fitting ability of critic network. By combining the
attention mechanism with MADDPG, critic network can more efficiently
extract the interaction characteristics and importance information of
multiple agents, thereby expediting the process of value function
approximation and strategy evaluation. And the update of the value
function (0?) includes the following processes.

First, we define an attention weight, where f; and g; represent the
coding function of state features and action features respectively, and
the function score(-) represents the similarity scoring function of the two
feature vectors, as Eq. (8) shows.

= exp(score(f;(s) , & (aic) ) ) ®

ji exp (score (fs (s1),8 (@2 ) )

Moreover, the critic network receives all actions and observations of

agents, and computes a joint value function (Q) on the basis of the
attention mechanism:

N
Q(su A1y .eey aN,t) = Zai.tQi(sm A1pyeey aN,t) ©
i=1

During the training process, the loss function (#(6%)) is calculated
based on TD, where r + xQ (S, @igs1s - aner1; 6 ) denotes the TD target

and Q(s, ai, ...,aN_t;é)?) represents the current value, which can be
calculated as Eq. (10).

2(62) = Esaps {(H KQ(S,@rei1s - @107 ) — QS @r s . Qs 62) )2]
(10)

The parameters of the value function can be updated by gradient
descent of the loss function, as Eq. (11) shows.

0202 — BV 2 2(62) an

The workflow of MADDPG algorithm is summarized in Algorithm 1.
We have developed an intelligent game optimization algorithm that
considers heterogeneity, synergy, and generalization in order to address
the equilibrium evolution path and key influencing factors of the
electric-carbon system. Following multiple iterations and training

1 Based on Temporal-Difference (TD), the single-step residuals are calculated,
and the multi-step residuals are weighted and aggregated to obtain the gener-
alized dominance function (A;) as the dominance estimation of the strategy
gradient.



S. Liu et al.

sessions, the strategy of agents progressively converges towards a stable
state, facilitating enhanced collaborative learning and interaction
among agents.
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And the distribution of installed capacity and generation of power firms
are shown in Appendix A. Each firm possesses distinct technical levels
characterized by different technical parameters while their resource
endowment varies according to regional factors. This paper also offers

Initialization: random weights for critic network, actor network, target critic

network, target actor network, experience replay buffer, hyper-parameters.

For episode=1,2,3,...,M do

1) Receive the initial state space and local observation: §;; 2{01,,,02,”---,0",,}

Oi¢ = (pi,tvqi,t’ai,zaei,tvAr’DszDBs"')

2) Initialize a random process for multi-agent energy management action

exploration.
3) For r=12,3,....7 do

a. Agent i selects actions based on the current state (0;;) through the actor network:

a;, ~ Ni(u (o, 16/, 07)

. _ (DA DA
b. Perform action a;, =(q;;", p;; >

observe 0,

M M
iy s Diy%iesZij,) » get a reward 7;; and the next

c. Store the transition ( 9; />4 »7; ;150; 1+1) in the experience replay buffer

d. Update the observation: 0; ;41 < 0;;

e. For Agent=1,2,3,...,i do

1. Sample a random minibatch of transitions from the experience replay buffer:

S S S S
(Oi,t 515115 0; 4 )

ii. Calculate the target Q value ; : ¥/ =7 +y i,’,'arget (o;i;,ai,a;,...,a}v)

iii. Update Critic network:

L

a;=4;(0})

‘C(QIQ) = Es,a,r,s’[(r + KQ(Slaalat +1" : '9aN,t+1;9iQ_) _Q(sﬂal,t7" "aN,t;eiQ))z]

iv. Update Actor network:

T
VI (0) = % D Vylogzy(ay, |'s,)min(;(0) 4, clip(r;(0),1-&,1+£) 4)
t=1

End for

f. Update the weights for the target networks for each agent i: 0% «16° +(1-7)6?

0" 10" +(1-1)0"
End for
End for

2.3. Data source

This paper applies ABM to the Chinese power industry covered in
ETS. To provide a more realistic simulation, this paper selects over 3000
Million-KW power firms listed in the “Global Power Database” in China.

comprehensive supplementary data on key technical parameters of
various power firms in China, including coal consumption for power
generation, auxiliary power ratio, and carbon emission intensity.
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Fig. 2. The centralized training and decentralized execution framework of MADDPG.

2.4. Centralized training

The simulation program is executed on the NVIDIA GeForce RTX
4090 and implemented within the Python 3.12 framework. The training
process and specific settings are provided in Appendix B. As introduced
in Section 2.2, agents make decisions within a centralized training
framework based on a common set of policy functions, yet exhibit het-
erogeneous behavioral parameters. The MADDPG algorithm orches-
trates the learning process of multiple agents to optimize overall
compliance.

As depicted in Fig. 3, the episodic total rewards presented demon-
strate the progressive refinement of agents’ strategies during the
learning process. Actually, agents have acquired a stable energy man-
agement strategy through continuous interactive learning, leading to
convergence of the reward value [47]. While the independent learning
algorithms may struggle to adapt well to dynamic changes in multi-
agent learning environments, resulting in unstable environmental con-
ditions as strategies change.

Four aggregate results are selected to show the converging process of
the training and convergence stage, including average power price, total
power generation volume, average carbon price, and total allowance
trading volume. With the learning stage proceeding, the results depicted
in Fig. 4 demonstrate a more pronounced stable trend. The average
power price and total generation volume exhibit reduced fluctuations,
potentially attributed to the agents gradually discovering more effective
energy management methods as they learn and adjust their strategies;
while the results of the carbon market indicate that the system can
progressively attain efficient and stable states. From these aggregated
findings, it is evident that the MADDPG algorithm optimizes overall
compliance by orchestrating the learning processes of multiple intelli-
gent agents, thereby achieving improved price control and production
adjustment. And the integration of MARL into ABM partially ensures the
“reasonability (not optimality)” of simulation outcomes [24]. And the
results indicate that employing MADDPG within a CTDE framework can

enhance training stability. Furthermore, attention mechanisms can
facilitate faster convergence and improve training quality by selectively
integrating all relevant information from intelligent agents [48].

3. Results and discussions
3.1. Impact of the carbon market

While traditional LP/CGE models predict monotonic relationships
between emission targets and carbon prices, our ABM reveals nonlinear
interactions driven by firm heterogeneity.” Fig. 5 shows the price and
trading volume in the carbon market in the short-term of simulation.
The allowance price exhibits a significant fluctuation trend within the
year. In the initial month of trading, the price increased from a low level
to a peak (approximately 100 CNY/ton), potentially driven by height-
ened demand for carbon emissions rights from large-scale firms based on
production forecasts and allowance holdings. Subsequently, the allow-
ance price experienced a rapid decline and stayed around 40 CNY/ton,
attributed to diminished market activity and trading frequency. By the
end of the year, however, the allowance price swiftly escalated and ul-
timately reached 175 CNY/ton. Short-term price spikes (175 CNY/ton)
are primarily driven by large scale firms at the end of the performance
period (with 72 % of large firms trading within the last 30 days,
compared to just 28 % of small and medium-scale firms), reflecting their
limited risk hedging capacity.

Similarly, the findings of allowance trading volume in Fig. 5 also
demonstrate “compliance transactions” in the current market, with
firms showing a tendency to engage in trade towards year-end leading to
dramatic fluctuations in carbon prices. The simulation results also show
23 % higher price volatility due to behavioral factors (with 62 % of small
and medium-scale firms employing a “wait-and-see” heuristic strategy,

2 More heterogeneity analysis results are shown in Appendix C.
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compared to just 18 % of large firms).

Additionally, we conducted simulations on the long-term trading
process of the carbon market. From the perspective of time, the carbon
price demonstrates a fluctuating upward trajectory, with significant
spikes observed at the end of each year as shown in Fig. 5. However, the
price fluctuations gradually diminish as the simulation progresses, and
the market price stabilizes at approximately 170 CNY/ton in the 10th
year. Furthermore, Fig. 5 also illustrates variations in carbon trading
volume. Transaction volume exhibits a steady increase during the initial
eight years and displays a discernible temporal effect. Subsequently,
there is a noticeable decline in trading volume which may be attributed
to reduced demand resulting from technological upgrades implemented
by firms.

3.2. Analysis of emission reduction targets

The increase in emission reduction targets can influence the product
market, leading firms to reduce emissions by decreasing production and
raising product prices. However, variations in emission reduction tar-
gets have a relatively minimal effect on the power market, with elas-
ticities of 0.005 and — 0.007 for average product prices and average
power generation respectively. Additionally, changes in emission
reduction targets exhibit a clear and stable monotonic influence on
product prices and production levels. And the increase in emission
reduction targets contributes to the advancement of renewable energy
production and constrain the expansion of thermal power generation, as
shown in Fig. 6.

Fig. 7 presents the carbon market’s trading price and volume under
different emission reduction targets. The emission reduction target has
monotonically increased impact on the average allowance price. This
positive correlation arises because more stringent emission reduction
targets decrease the overall supply of allowances within the carbon
market. This scarcity intensifies competition among firms for the
available allowances, consequently driving prices upwards. Meanwhile,
the trading volume exhibits a U-shaped trend—initially decreasing and
then increasing—as the emission reduction target rises. When the
emission reduction target is below 5 %, the trading volume declines with
stricter targets. At this stage, firms face relatively low decarbonization
pressure, and most can meet compliance obligations by purchasing only
a modest number of allowances. Meanwhile, the rising carbon price
incentivizes some firms to adopt voluntary emission reductions. How-
ever, once the emission reduction target exceeds 5 %, the trading vol-
ume begins to increase alongside more stringent targets. Under these
conditions, firms encounter significantly greater compliance pressure,
and voluntary abatement alone becomes insufficient to meet regulatory
requirements. Consequently, they must purchase substantial additional
allowances to fulfill their obligations.

3.3. Analysis of allocation methods

Fig. 8 shows the dynamic trend and progression of carbon prices
based on different allocation methods. Carbon prices derived from the
auction method demonstrate a consistent upward trajectory throughout
the compliance period. It is noteworthy that both the Benchmarking
method and Historical intensity method exert similar influences on the
carbon market price. The carbon price simulated by the two methods is
lower than that of the auction method, and presents a typical L-shaped
price trend. While, the auction method provides more clearly and higher
price signal, which is more conducive to guiding firms in reducing
emissions.

As shown in Fig. 8, we also compare trading volatility and market
activity under different allowance allocation methods. The Bench-
marking allocation method resulted in relatively low trading volume in
the carbon market, with most of it maintained at 2000-4000 tons per
day during the compliance period. Notably, the trading volume
exhibited a sharp increase near the compliance period, which is similar
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to the reality of China’s national carbon market trading. The results of
the Historical intensity method exhibit certain similarities with Bench-
marking, however, the historical intensity method leads to higher
volatility. The auction mechanism facilitates transparent price discov-
ery, thereby incentivizing increased firm trading at the beginning of the
compliance period. As [8] posit, integrating auctions can enhance
market prices to better reflect actual supply and demand relationships,
consequently mitigating trading volume volatility.

Besides, the auction mechanism reduces compliance-driven vola-
tility by 29 % (compared to benchmarking) but disproportionately
burden small and medium-scale firms. Under the auction mechanism,
small and medium-scale firms face 52 % higher compliance costs (due to
limited liquidity) but accelerate the average adoption of low-carbon
technologies by about 55 days. While large firms exploit auctions for
arbitrage, 35 % of their trade occurs in the first three months, capturing
48 % of total annual trading profits. The full list of diverse policies for
firms of varying scales is provided in Appendix C.

3.4. Analysis of firm decision

Fig. 9 shows the trading decisions in the carbon market among firms
with different scales. Throughout the simulation period, the trading
volume of large-scale power firms significantly surpasses that of other
types of power firms and demonstrates a consistent fluctuation trend
with the carbon market, as depicted in Fig. 5. This proves that current
large-scale power firms serve as core participants in ETS, and their
decision-making behavior can impact the operation and efficiency of the
carbon market. Besides, these large-scale firms possess stronger financial
capabilities and account for 75 % of speculative trading within the ETS.
In contrast, capital constraints and production capacity force small and
medium-scale firms to prioritize short-term compliance. More details
show that large firms leverage financial reserves for strategic shifts. And
23 % invest in renewables preemptively, reducing their allowance
dependence by 11 % at the end of the compliance period.

Fig. 9 also depicts the adoption of low-carbon technologies by firms,
the total count of adoption is 420 over the compliance period. Most of
them are adopted in the earlier periods, due to the diminishing abate-
ment potential and increasing marginal cost associated with continued
adoption [24]. Additionally, the adoption of low-carbon technologies is
predominantly led by large-scale firms (approximate 59 %), while small
and medium-scale firms contribute 41 % of technology adoptions and
tend to begin embracing such technologies mid-year. This may be due to
the limited funding and unfamiliarity with the technology faced by these
firms in the early stages, causing them to be more cautious in their
decision-making. Overall, large-scale firms possess a significant first-
mover advantage in adopting low-carbon technologies, enabling them
to respond more swiftly to market and policy changes in the early stages.
Nonetheless, as the carbon market develops, small and medium-sized
enterprises are gradually catching up in adopting low-carbon
technologies.

4. Conclusions

In this paper, the ABM are adopted to explore the decision-making
behavior of power firms under new ETS designs, including adjusting
emission reduction targets, changing allocation rules and considering
the heterogeneity of firm scale. We incorporate real-world data from
over 4000 Chinese power firms and utilize actual carbon price and
trading volumes data from China’s national carbon market for param-
eter training. By applying the MADDPG algorithm, we provide an
optimized decision-making framework for heterogeneous agents. Based
on the ABM-MADDPG method developed in this paper, the key novel
contributions of our work are as follows:

(1) Unique firm-level parameterization and heterogeneity. Our
model captures the heterogeneity of power firms by



S. Liu et al.

1800

Applied Energy 400 (2025) 126590

Power generation (Million MWh)

0.025 0.050 0.075

0.100
Carbon dioxide emission reduction targets

W Renewable Energy
Traditional Energy
—o— Total Generation

0.125 0.150 0.175 0.200

Fig. 6. The impact of emission reduction targets on power markets.

Impact of Emission Reduction Targets

900
—&— Average carbon price Allowance trading volume
300 800
700
250
600

g

Average carbon price (CNY/ton)
Allowance trading volume (ton)

400
150

300
100 200

100

504
0
0.025 0.050 0.075 0.100 0.125 0.150 0175 0.200

Carbon dioxide emission reduction targets

Carbon Price (CNY/ton)

Carbon Price (CNY/ton)

5% emission reduction

—e— y=0.05

100 150 200

2.5% emission reduction

250 350

100 150 200

Time (Day)

250 350
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incorporating real-world data on firm attributes, including scale,
cost structures, and technological parameters. This allows us to
analyze the distributional impacts of ETS policies across different
types of firms, which is a significant advancement over tradi-
tional top-down models that often assume homogeneity among
firms. For example, we find that large-scale firms dominate
allowance trading and are more likely to adopt low-carbon
technologies early, while small and medium-scale firms exhibit

(2

—

more cautious behavior due to financial and technological
constraints.

Dynamic interactions and emergent system behavior. The inte-
gration of ABM with MARL represents a methodological inno-
vation in the study of carbon markets. It enables us to model the
dynamic interactions among firms and markets, capturing
emergent system behaviors such as price volatility, trading pat-
terns, and technology adoption dynamics. For instance, our
model effectively captures the emergent characteristics and
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Impact of Different Allocation Methods on Carbon Prices
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Fig. 9. The trading and low-carbon technology adoption decision of different scales of firms.

uncertainties of the system, as well as the nonlinear impact of
emission reduction targets. Carbon prices exhibit significant
fluctuations during the compliance period, driven by the trading
behaviors of large-scale firms. This level of granularity and re-
alism is not achievable with traditional modeling approaches.

Our findings highlight the necessity of differentiated and synergistic
policy designs to analyze the heterogeneous behaviors of power firms
and enhance the effectiveness of China’s carbon market. For large-scale
firms, policymakers should prioritize mechanisms that leverage their
market dominance and technological leadership, such as mandating
minimum auction-based allowance procurement, offering tax incentives
for early adoption of advanced low-carbon technologies, and enhancing
trading transparency to stabilize price signals. For small and medium-
scale firms, targeted support is critical to overcoming financial and

technical barriers; this includes establishing low-interest green loans,
simplifying compliance through regional allowance-pooling platforms,
and providing capacity-building programs to improve carbon market
participation.

At the systemic level, a phased transition from free allocation to
auction-based mechanisms—initially targeting large firms and gradually
expanding to smaller entities—can balance equity and efficiency.
Emission reduction targets should be dynamically adjusted to reflect
regional disparities and firm-specific abatement potentials. Addition-
ally, integrating carbon pricing with electricity market reforms can
amplify policy synergies, such as introducing carbon-adjusted electricity
tariffs. These recommendations aim to align firm-level strategies with
national climate goals, fostering an inclusive and efficient transition
towards China’s dual carbon targets.

While our model provides valuable insights, it has some inevitable
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limitations. Firstly, the model does not fully account for all technical
parameters in the power generation process, and the construction time
for technology adoption is simplified [24,49]. Secondly, the training
process assumes a single global solution, but multiple equilibria could
exist under different market conditions. Thirdly, the model’s results are
sensitive to initial carbon prices and firm risk preferences, highlighting
the need for further validation. Due to computational constraints, our
study only covers the power industry, which may be extended by
considering other industries.
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This paper selects over 4000 Million-KW power firms listed in the “Global Power Database” in China. To enhance the realism of agent heterogeneity,
we integrate field survey data from 120 power plants across China and employ Monte Carlo simulation to assign critical technical and operational
parameters. Surveyed parameters include coal consumption, auxiliary power ratio, carbon intensity, O&M costs, annual output, and initial allowance
allocation. Data spans five provinces (Shandong, Liaoning, Hebei, Tianjin and Inner Mongolia) and covers four plant types (coal-fired, hydro power,
wind, and solar). For each parameter, we fit probability distributions based on survey data and industry benchmarks (e.g., China Energy Statistical

Yearbook), as shown in Table Al.

Table A1
Parameter Distributions of the model.

Parameter Distribution Type Mean Std.Dev Source
Coal Consumption (g/kWh) Lognormal 256 43.2 Plant operational reports
Auxiliary Power Ratio (%) Beta (0 =2, =5) 6.5 1.2 Survey data
Carbon Intensity (g/kWh) Truncated Normal 810 50 CEIC Database
O&M Cost
(10 k CNY) Lognormal 4610 300 Survey data
Initial Allowance (Million ton) Uniform 485.33 — Provincial ETS guidelines
Annual value of production Lognormal 109,843 1200 Survey data

(10 k CNY)

Notes: The parameters of coal consumption are sampled from plant-specific distributions, with adjustments for technology vintage (e.g., +£5 % for ultra-
supercritical units). The parameters of auxiliary power ratio are related to plant type and age, with older coal plants (up to 8 %) higher than new plants
(5-6 %) and renewables (<2 %). The parameters of carbon intensity are directly linked to fuel type and efficiency, calibrated using IPCC emission factors. O& M
Costs include labor, maintenance, and grid fees. Wind/solar costs decrease annually by 3 % to reflect learning curves.

Besides, this paper trains the agents using the real price data from the China national carbon market. The actual trading situation of the national

carbon market is shown in Fig. Al.
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The initial system parameters of the model are detailed in Table A2. The parameters related to carbon trading in the model mainly refer to the
relevant policy documents of China’s carbon market. In addition, the total initial carbon quota is set to the total carbon emissions of the base year to
ensure that the initial state of the model is consistent with the actual situation.

Table A2
System parameters of the model.

Parameter Setting Declare

N 4235 Number of firms

T 365 Number of days in the performance period
K 3600 Number of seconds in each day

4 2% Emission reduction targets

id 610 Average fuel price (CNY)

I3 1.5 Penalty factor for excess emissions

St 5% The proportion of the auction quota

@ 100% The reduction ratio of excess emissions

Appendix B. Algorithm Training

To ensure the effectiveness and stability of the algorithm, this paper has adopted a series of optimization measures. Firstly, through grid search and
hyperparameter optimization, the parameter combination that can achieve the highest average reward value was determined. Secondly, the running
average of the scenario rewards was used as the convergence evaluation criterion. This convergence evaluation method can effectively determine
whether the training is stable and avoid overfitting. In addition, the model also adopted standard techniques such as experience replay buffer and
target network to stabilize the training process, and selected the appropriate replay buffer size and target network update frequency based on the
performance of the validation set. These measures jointly guarantee the stability and effectiveness of the algorithm and lay the foundation for
obtaining reliable simulation results.

For both the actor and critic networks, a five-layer network structure was adopted, including an input layer, three hidden layers, and an output
layer. To strike a balance between model performance and computational efficiency, the number of neurons in the three hidden layers was set to 128,
256, and 128, respectively. The Adam algorithm was chosen as the network optimizer, with a learning rate of 0.01 and a batch size of 1024, to enhance
the stability and convergence speed of the training. To break the correlation between data and improve the efficiency of sample utilization, the model
introduced an experience replay mechanism and set the replay capacity to 1 million to store the interaction experience data of the agent in the
environment. To alleviate the bias in value estimation, a soft update strategy was adopted to update the target network, allowing its parameters to
approach those of the online network at a small rate, thereby maintaining the stability of the training. The discount factor x was set to 0.95 to fully
consider the long-term returns of the agent and avoid divergence during training. To find the optimal hyperparameter combination, a grid search
method was employed, and the highest average reward value was used as the basis for parameter setting. Additionally, to determine the convergence
of the model, the average reward of each episode was calculated, and the moving average of 1000 episodes was further computed. When the increase
in the moving average reward of 500 consecutive episodes was less than 0.1 %, it was considered that the model had reached a converged state and
training could be stopped.

To ensure robustness, we conducted a grid search over key parameters (as shown in Table B1). During the training, we tested the effect of different
initial strategies (random vs. history-driven) on the results. The results show that the initial strategy only affects the convergence rate (random strategy
takes 2000 rounds vs. Historical strategy 1200 rounds), but there is no significant difference in the steady-state carbon price (170 + 5 CNY/ton) and
the dominance of large enterprises (transaction proportion > 60 %).° Such a design aims to ensure the effectiveness and stability of the algorithm and
obtain reliable simulation results.

Table B1
Hyperparameter optimization.

Parameter Tested range Optimal value
Learning Rate [0.001, 0.1] 0.01
Batch Size [512, 2048] 1024
Discount Factor (k) [0.9, 0.99] 0.95

Additionally, Fig. B1 illustrates the variation in loss within the MADDPG algorithm under different network layer architectures. While the five-
layer network architecture demonstrates a more rapid initial reduction in the critic’s loss function compared to the two-layer network, visually
assessing definitive convergence solely based on the loss curve for the five-layer network is challenging within the presented training duration.
However, it is important to consider the convergence behavior across other key metrics. As depicted in Fig. 3, the episodic total rewards for the five-
layer architecture show a clear and stable convergence trend, indicating that the agents are learning effective and consistent strategies. Furthermore,
the aggregate market outcomes presented in Fig. 4, including average power price, total power generation volume, average carbon price, and total
allowance trading volume, also exhibit stable convergence patterns under the five-layer network. These converging trends in rewards and aggregate

3 It should be noted that the historical-driven strategy relies on historical data from China’s carbon market, which may implicitly contain the characteristics of
policy phases (such as the relatively high proportion of free quotas from 2021 to 2022). To eliminate deviations, we conduct 300 rounds of online fine-tuning for all
strategies after pre-training, ensuring that the strategies adapt to the latest market rules.
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market behavior suggest that despite the less visually conclusive loss curve, the five-layer architecture facilitates the learning of stable and effective
policies that lead to convergence at the system level. This indicates that while the loss function might not exhibit a monotonic decrease to a near-zero
value within the observed training period, the agents and the overall market dynamics reach a stable equilibrium. Further empirical validation with
longer training horizons could provide additional insights into the long-term loss convergence of the five-layer network.

le7
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Fig. B1. The loss function curves of different layers based on the MADDPG algorithm.

Appendix C. Supplementary results

Table C1
Behavioral heterogeneity in ABM — Firm-scale dynamics in carbon markets.

Difference
(Large — small and medium-scale firms)

Large-scale firms Small and medium-scale firms

Trading strategy (% of firms) Speculative: 75 % Speculative: 12 % +63 %
Compliance result o o o
(% of firms) 95 % 88 % +7 %
“Wait-and-see” strategy (% of firms) 18 % 62 % —44 %
Market dominance (% of total trading volume) 77 % 23 % +54 %
Carbon price sensitivity (% change in price per 1 % demand shock) +0.8 % +2.2 % -1.4%

Table C2
The impact of different policies on small, medium and large-scale firms.

Policy intervention Impact on large-scale firms Impact on small and medium-scale firms System-level impact

Profits: —9 %

Speculative trading: +10 %
Low-carbon adoption: —25 days
Compliance costs: +52 %

Profits: +12 %

Speculative trading: +17 %
Low-carbon adoption: —10 days
Compliance costs: +35 %

5 % stricter emission reduction target

Carbon price: +2.15 %
Renewable share:
+2.78 %

Carbon price: +135 %

Auction allocation (vs. Benchmarking)

Historical intensity allocation (vs.
Benchmarking)

Trading profits: —12 %
e Market dominance: 71 %

e Time for low-carbon technologies adoption:

3 days

Compliance costs: +5 %
Trading profits: +12 %

e Market dominance: 71 %

e Time for low-carbon technologies adoption:

—2 days

Trading profits: —37 %
e Market dominance: 29 %

o Time for low-carbon technologies adoption:

55 days

Compliance costs: +11 %
Trading profits: —3 %

e Market dominance: 29 %

o Time for low-carbon technologies adoption:

5 days

Price volatility: —29 %

Carbon price: +3.25 %
Price volatility: +7.65
%
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Data availability

The data utilized in this study are partially sourced from open da-
tabases (Global Power Database) and purchasable databases (Wind
Database). Some supplementary data involve commercial and non-
public data, which are available from the corresponding author upon
reasonable request.
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