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Abstract——Existing electricity market simulation research as‐
sumes that energy providers share theoretical and homogeneous 
strategy spaces. However, practical bidding strategies differ sig‐
nificantly from those based on theoretical simulation. The fac‐
tors that determine energy providers’ bidding patterns are het‐
erogeneous. Ignorance of practical and heterogeneous bidding 
strategy spaces distorts real market results. To fill the research 
gap, this paper proposes a data-driven multi-agent framework 
for electricity market simulation using practical and heteroge‐
neous bidding strategy spaces. Firstly, a clustering algorithm is 
proposed for extracting practical and heterogeneous bidding 
strategy spaces from historical bidding strategies. The bidding 
strategy spaces are formed by the centers. Then, energy provid‐
ers are modeled by agents with practical and heterogeneous 
strategy spaces in a multi-agent framework. Finally, the proxi‐
mal policy optimization is implemented by agents to model the 
bidding behaviors in markets. Numerical results based on real 
data from the Australian Energy Market Operator show that 
market clearing results under practical and heterogeneous strat‐
egy spaces are closer to reality than those under theoretical and 
homogeneous strategy spaces.

Index Terms——Electricity market, simulation, bidding, strate‐
gy space, clustering, data-driven, multi-agent, proximal policy 
optimization.

I. INTRODUCTION 

COMPLEX electricity market environment [1] - [4] im‐
proves the importance of market simulation. Indepen‐

dent system operators (ISOs) can evaluate the rationality of 
market regulations and market trends. Market participants 

can investigate the optimal bidding strategies that maximize 
their profits. Energy providers’  strategic bidding process 
greatly influences the market simulation results. Existing 
market simulation research can be categorized according to 
the method to simulate the strategic bidding process. In the 
first category, game theory is used to model the strategic bid‐
ding process. Games can be classified as Cournot games 
with energy quantity strategies [5], [6], supply function equi‐
librium games with quadratic supply function strategies [7], 
and games with price-quantity pair strategies [8]. In the sec‐
ond category, multi-agent frameworks [9] - [12] are used to 
model the strategic bidding process. Massive market data are 
used to train agents that represent market participants. The 
increasing renewable energy penetration has different influ‐
ences on different market participants’  bidding strategies. 
For example, traditional generators are faced with “missing 
money” problem caused by low electricity prices [13], while 
uncertainties of renewable energy constrain their bidding 
competition [14]. Compared with traditional game theory, 
the multi-agent framework simulates markets from an indi‐
vidual perspective and provides a method to incorporate het‐
erogeneous market participants. Therefore, this paper focuses 
on multi-agent frameworks.

Literature has investigated market simulation based on 
multi-agent frameworks. In [9], a multi-agent framework 
simulates day-ahead markets where energy providers have in‐
complete information. Energy providers determine optimal 
price-quantity pairs with fixed quantities to maximize their 
profits. In [10], generators in markets are modeled by Q-
learning approaches, considering their learning and risk aver‐
sion. Generators submit one price-quantity pair with the 
quantity fixed as the maximum capacity. In [11], the Nash 
equilibrium of markets with multiple strategic energy provid‐
ers is approximated. Prices of all energy blocks are format‐
ted by multiplying the costs by one strategic coefficient. In 
[12], an experience-weighted attraction reinforcement learn‐
ing approach models energy providers with one price-quanti‐
ty bid. The quantity is fixed and prices are divided into 20 
discrete values evenly. These studies simulate electricity mar‐
kets from a multi-agent perspective.

However, two research gaps remain in existing market 
simulation research. First, the bidding strategy spaces of en‐
ergy providers are based on theoretical assumptions. Accord‐
ing to bidding behavior analysis based on real bidding data, 
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practical bidding strategies differ greatly from those based 
on theoretical assumptions [15]. The difference can be 
caused by many practical factors such as contract capacity 
[16] and previous revenues from earlier markets [17]. Sec‐
ond, the bidding strategy spaces of energy providers are ho‐
mogeneous. The factors that determine energy providers’  
bidding patterns are heterogeneous, such as the reward func‐
tions [18] and risk preference [19]. Ignorance of practical 
and heterogeneous strategy spaces distorts real markets and 
undermines the practicality of market simulation results.

The research gaps can be filled by combining data-driven 
methods and multi-agent frameworks. Many ISOs such as 
the Australian Energy Market Operator (AEMO) and the 
Midcontinent Independent System Operator (MISO) publish 
individual bidding data, which can be used for constructing 
bidding strategy spaces. The historical bidding strategies can 
be clustered. The cluster centers can form energy providers’  
practical and heterogeneous strategy spaces. Energy provid‐
ers can be modeled by agents with practical and heteroge‐
neous strategy spaces in multi-agent frameworks. These 
agents can employ reinforcement learning (RL) approaches. 
Specifically, they interact with environments (electricity mar‐
kets) with limited information (own market clearing results) 
[20] to gradually learn the optimal bidding patterns. In this 
way, markets can be simulated to be closer to reality. To the 
best of our knowledge, little research simulates electricity 
market based on practical and heterogeneous bidding strate‐
gy spaces from a multi-agent perspective.

The main contributions of this paper are threefold:
1) A data-driven method is proposed for extracting practi‐

cal and heterogeneous bidding strategy spaces from histori‐
cal bidding data. Original bidding data published by ISOs 
are standardized and clustered by a granular computing-
based clustering algorithm. Cluster centers form the practical 
and heterogeneous bidding strategy spaces for energy provid‐
ers.

2) A multi-agent framework is proposed for electricity 
market simulation. Energy providers are modeled by agents 
with practical and heterogeneous bidding strategy spaces. 
Agents implement proximal policy optimization (PPO) algo‐
rithm to participate in markets with limited information.

3) Numerical experiments based on real-world data from 
the AEMO show that market simulation results under practi‐
cal and heterogeneous strategy spaces are closer to reality 
than those under theoretical and homogeneous strategy spac‐
es. The multi-agent PPO (MAPPO) framework outperforms 
other frameworks in revealing market clearing results.

The remainder of this paper is organized as follows. Sec‐
tion II introduces the practical bidding strategy space extrac‐
tion based on data-driven methods. Section III details the 
proposed MAPPO framework. Case studies are shown in 
Section IV. Section V concludes this paper.

II. PRACTICAL BIDDING STRATEGY SPACE EXTRACTION 
BASED ON DATA-DRIVEN METHODS 

This section details the data-driven method for extracting 
bidding strategy spaces from the historical bidding data pub‐
lished by ISOs. The main idea is to constitute practical and 

heterogeneous bidding strategy spaces with centers clustered 
by historical bidding data. First, original bidding data are 
standardized to be suitable for clustering. Second, a metric 
that measures the difference between bidding strategies is 
proposed to be used in the clustering algorithm. Third, a 
granular computing-based clustering algorithm is designed to 
cluster bidding strategy centers. Fourth, the method to aggre‐
gate small generators into one aggregated generator is intro‐
duced. The aggregation decreases the number of agents and 
the computation burden in the multi-agent framework with‐
out losing too much accuracy.

A. Bidding Data Standardization

Bidding data are price-quantity pairs that indicate energy 
blocks at given prices, constituting step-wise bidding curves. 
The bidding data in piece-wise form can be converted to 
price-quantity pairs by the method in our previous work 
[21]. The original price-quantity pairs are standardized to be 
suitable for clustering as follows.
1)　Price Clipping

The wide price range of original bidding data significantly 
degrades the clustering results. The bidding prices of genera‐
tors range from negative thousands to positive thousands. 
The number of cluster centers will be huge without any pro‐
cession of the original bidding prices.

The original bidding prices are clipped to decrease the 
number of cluster centers. Most of the procured (or not pro‐
cured) energy blocks are with bidding prices obviously low‐
er (or higher) than the market clearing prices. Whether ener‐
gy blocks can be procured is determined by whether bidding 
prices are higher than market clearing prices, rather than the 
absolute bidding prices. Because the range of market clear‐
ing prices is much narrower than that of bidding prices, ener‐
gy blocks with extremely low or high bidding prices hardly 
influence market clearing results. Bidding prices can be 
clipped according to the range of market clearing prices. Let 
pmin and pmax denote the minimum and maximum bidding 
prices. Bidding prices lower than pmin are set as pmin, and 
higher than pmax are set as pmax.
2)　Quantity Padding

Quantity determines the length of bidding curves. It is 
challenging to quantify the clustering distance between bid‐
ding curves with different lengths. Original bidding quanti‐
ties of generators vary at different time because capacity 
withholding is a common strategy used by strategic energy 
providers.

The original bidding quantities are padded to make the 
lengths of bidding curves the same. Energy providers may 
withhold capacity by submitting a quantity smaller than its 
capacity. Let qmax

g  denote the capacity of generator g. If the 
maximum quantity of a submitted bidding curve is less than 
qmax

g , the remaining capacities can be regarded as bidding at 
the ceiling price. The bidding quantities in bidding curves 
are padded to qmax

g . All bidding curves are padded to the 
same length, making it possible to quantify the distance be‐
tween two bidding curves.
3)　Price-quantity Pair Normalizing

Price-quantity pairs are normalized to be suitable for clus‐
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tering. The distance scale of bidding curves of different gen‐
erators varies because capacities of generators differ. This 
makes it hard to select the distance threshold in clustering al‐
gorithms. To solve this problem, price-quantity pairs are nor‐
malized into the same scale as:

ì

í

î

ï
ïï
ï
ï
ï

ï
ïï
ï
ï
ï

qgtn =
Qgtn

qmax
g

pgtn =
Pgtn - pmin

pmax - pmin

    "gÎG"tÎ T"nÎN (1)

where Qgtn and qgtn are the bidding quantities of the nth  
quantity segment of generator g at time t before and after 
normalization, respectively; Pgtn and pgtn are the bidding 
prices of the nth quantity segment of generator g at time t be‐
fore and after normalization, respectively; G is the set of 
generators in the market; T is the set of time intervals in the 
bidding day; and N is the set of quantity segments in a bid‐
ding curve.

B. Distance Metric

A metric that measures the difference between normalized 
bidding curves is proposed for clustering. As shown in Fig. 
1, normalized price-quantity pairs are plotted as bidding 
curves (curves 1 and 2). Normalized bidding curves enclose 
areas ranging from 0 to 1. The sum of areas is used for mea‐
suring the distance between bidding curves. The distance 
metric is calculated as (2).

d( f1f2...fi )= ∫
0

1

(max( f1 (q)f2 (q)...fi (q))-

min( f1 (q)f2 (q)...fi (q)) )dq (2)

where d( f1f2...fi ) is the distance among bidding curves 
f1f2...fi. The distance metric is small if the bidding curves 
are similar. Otherwise, the distance metric is large. The en‐
closed areas are the products of prices and quantities, which 
can be interpreted as the price difference difp at a given 
quantity difference difq, which is expressed as:

d( f1f2...fi )= difp × difq (3)

According to (3), the price difference of difp of the quanti‐
ty is at most d( f1f2...fi )/difq. To be more specific, assume 
that the distance metric is 0.09. For the two most distinct 
curves among f1f2...fi, the price difference of 100% quanti‐

ties is at most 9%.

C. Clustering Algorithm

The K-means algorithm and its variants are most widely 
used for clustering electricity market data [15], [22]. Howev‐
er, existing algorithms are not suitable for clustering bidding 
curves. First, the performance of existing algorithms is sensi‐
tive to initialized centers [23]. The bidding patterns of differ‐
ent generators vary greatly. Even for the same generator, bid‐
ding patterns at different time can vary greatly. It is hard to 
pre-estimate the number and position of initial centers to 
avoid local optima. Second, the lower bound of the represen‐
tativeness of centers is not constrained. The representative‐
ness of centers is determined by the size of the whole clus‐
ter. Existing algorithms allocate each curve to the nearest 
center [24], without considering how much the size of the 
cluster is increased during the allocation. The distances be‐
tween centers and curves in some clusters can be large, re‐
sulting in a weak representativeness of centers. The centers 
with weak representativeness distort the bidding behavior of 
energy providers.

To overcome the aforementioned challenges, a clustering 
algorithm based on granular computing is proposed. The ba‐
sic idea of granular computing is using granular balls to cov‐
er the data point space in the clustering process [25]. A gran‐
ular ball is a data structure that contains many data points. 
Details about granular computing can be referred to [25], 
[26]. The proposed clustering algorithm is shown in Algo‐
rithm 1. Granular balls with the minimum distance are fused 
into one granular ball iteratively until the distances between 
all granular balls are larger than the distance threshold D. 
The curve with the smallest distance to other curves in a 
granular ball is selected as the center.

Price

Quantity0 1

1

Curve 1
Curve 2
Distance

Fig. 1.　Illustration of distance metric.

Algorithm 1: clustering algorithm based on granular computing

Input: standardized bidding curves fi and distance threshold D

Output: bidding curve granular balls X with centers

1. Initialize bidding curve granular balls Xi ={ fi }"i

2. Repeat

3.   for all Xm do

4.     Calculate the distances between Xm and other granular balls Xn: dmn =
d( fifj )fiÎXmfjÎXn

5.   end for

6.   Find Xm and Xn with the minimum dmn

7.   if dmn <D then

8.     Merge Xm and Xn into a new granular ball: X =X{XmXn }

9.     Remove Xm and Xn: X =X \(XmXn )

10.  end if

11. until "dmn >D

12. for all Xm do

13.   for all fiÎXm do

14.     Calculate the sum of distances between fi and other curves in Xm: 
di = ∑

fjÎXmj ¹ i

d( fifj )

15.   end for

16.   Choose fi with the minimum di as the center of Xm

17. end for
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The proposed clustering algorithm can overcome the afore‐
mentioned challenges. First, no other parameters (such as the 
number and positions of initial centers) are expected except 
for D. The robustness of the proposed clustering algorithm is 
strong because there exists no randomness in the initializing 
process. Second, the lower bound of the representativeness 
of centers in clusters is regulated by D. The fusing process 
is terminated when the size of the smallest granular ball is 
larger than D after merging. The distance between the center 
and other curves in the granular ball is less than D.

D. Data Aggregation of Small Generators

Small generators with little market power are aggregated. 
In most electricity markets, few big generators account for a 
large share of the generating capacity of the market. These 
generators are modeled by agents in the multi-agent frame‐
work. Compared with these generators, the bidding curves of 
many other generators with small generating capacity hardly 
influence market clearing results. It is unnecessary and com‐
putationally costly to model all small generators as individu‐
al agents. Aggregation of small generators can decrease the 
number of agents in the multi-agent framework and the com‐
putation burden. An aggregated generator is used to repre‐
sent small generators.

A method of aggregating the bidding data of small genera‐
tors is proposed. First, the bidding curves of all small genera‐
tors are constructed as an aggregated bidding curve. This 
curve can not be used for market clearing because the num‐
ber of price-quantity pairs is more than the maximum seg‐
ment regulated by ISOs. Second, the aggregated bidding 
curve is sampled at a fixed price interval in [pminpmax ], cap‐
turing the corresponding quantities. The number of sampled 
price-quantity pairs is set as the maximum segment to recov‐
er the bidding behavior of small generators with a high reso‐
lution. Third, the capacities of all small generators are 
summed as the capacity of the aggregated generator qmax

g , 
which is used to normalize the sampled bidding curve by 
(1). So far, the bidding data of small generators are aggregat‐
ed as the bidding pattern of one agent.

III. PROPOSED MAPPO FRAMEWORK 

This section details the proposed MAPPO framework. The 
centers extracted in Section II constitute practical and hetero‐
geneous bidding strategy spaces of energy providers. Energy 
providers are modeled by the agents that employ the PPO al‐
gorithm to participate in electricity markets with incomplete 
information.

A. Agent Settings

Generation capacities quantify market power of generators 
and decide whether they are modeled as agents. Fossil-fu‐
eled generators are sorted by their capacities from highest to 
lowest, and then the top generators are designated as agents 
once their cumulative capacity accounts for the majority of 
the market share. The rest generators are regarded as small 
generators with little market power. These generators are ag‐
gregated as one agent by the method in Section II-D. Be‐
cause the bidding prices of most renewable energy genera‐
tors are equal to the price floor, their bidding strategy is sell‐

ing all the predicted energy. All renewable energy is cleared 
in the proposed MAPPO framework.

The bidding process of agents can be modeled by RL ap‐
proaches. At time t, agent g observes the state sgt in the en‐
vironment. The agent takes action agt based on the policy 
learned by the RL approach. The actions of all agents affect 
the environment. Then, the agent receives the reward rgt of 
taking the action, and observes new state sgt + 1. The elements 
in this process are detailed as follows.

1) State. In electricity markets, the market clearing price 
Prt and the cleared energy of an agent are influenced by the 
bidding strategy of the agent. The agent can refine the strate‐
gy based on these observable states. The state can be repre‐
sented as:

sgt =
ì
í
î
Prt∑

nÎN

qc
gtn

ü
ý
þ

    "gÎG"tÎ T (4)

where qc
gtn is the cleared quantity of the nth quantity seg‐

ment.
2) Action. The actions of agents submit bidding curves to 

ISOs. The action space of an agent is the bidding strategy 
space formed by centers clustered by Algorithm 1:

agt ={ fi }    "gÎG"tÎ T (5)

3) Environment. The environment determines the state 
transition and the rewards of agents. After agents submit bid‐
ding curves, ISOs implement the economic dispatching (ED) 
program [27] to clear electricity markets. The results of ED 
program are the individual cleared energy and Prt. ED pro‐
gram is the environment and is detailed in Appendix A.

4) Reward. The reward determines the market participa‐
tion patterns of agents. In the bidding process, the rewards 
of agents are profits. Agents bid to maximize their profits. 
The reward function of agent g at time t is designed as:

rgt =∑
nÎN

qc
gtn (Prt - cgn )-Prp ×(DqD

gt +DqU
gt ) (6)

where cgn is the cost of the nth block; Prp is the penalty for 
constraint violation; and DqD

gt and DqU
gt are the slack terms 

for ramp up and ramp down constraints, respectively. If the 
cleared energy under a strategy violates the ramp rate con‐
straints (A3) and (A4), the dispatching result can not be im‐
plemented by the generator. The reward of this strategy is pe‐
nalized by Prp. The total energy supply may not satisfy the 
energy demand, i.e., DqL

t > 0, where DqL
t  is the slack term for 

energy balance constraints. This situation hardly occurs in re‐
ality but might occur in the early training process of agents. 
In this situation, the reward is set as a significant negative 
value.

B. PPO Algorithm

PPO algorithm [28] is a policy gradient RL approach that 
explores the action space sufficiently with strong stability by 
constraining the policy update aptitude between adjacent iter‐
ations. This makes it have good performance in terms of 
learning stability and complexity [29]. PPO algorithm has 
been widely used in the power system research such as coor‐
dination of power distribution networks and microgrids [30], 
voltage control [31], and charging scheduling [32]. In the 
proposed MAPPO framework, PPO algorithm is used to 
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train agents to maximize profits. In PPO algorithm, the ad‐
vantage A(stat ) denotes how much an action at at state st is 
better than other available actions, which is calculated as:

A(stat )=Q(stat )-V (st ) (7)

Q(stat )=Est + 1:¥at + 1:¥∑
m = 0

¥

γm rt +m (8)

V (st )=Est + 1:¥∑
m = 0

¥

γm rt +m (9)

where Q(stat ) denotes the action value function; rt +m is the 
reward at time t +m; V (st ) denotes the value function; E de‐
notes the average of a batch of samples (St + 1:¥at + 1:¥) over 
the collected experience data; and γ is the discount factor. A 
truncated version of generalized advantage estimation (GAE) 
[33] is used in PPO algorithm to estimate the advantage 
A(stat ).

PPO algorithm features an actor-critic structure. The actor 
is a deep neural network (DNN) denoted by πθ (a|s), which 
represents the policy of the agent on choosing action a at 
state s with parameter θ. At the end of an episode, the agent 
with parameter θold samples a trajectory τ ={statrt }. The ac‐
tor employs a clipped surrogate objective function J(θ) as:

J(θ)=Eτ  θold
[min(r(θ)Atclip(r(θ)1 - ϵ1 + ϵ)At )] (10)

r(θ)=
πθ (at|st )
πθold

(at|st )
(11)

where r(θ) is the ratio between the updated parameter 
πθ (at|st ) and the old parameter πθold

(at|st ); At is the abbrevia‐

tion of A(stat ); ϵ is a hyperparameter that constrains the up‐
dating aptitude of the actor; and the clip function is shown 
as:

clip(r(θ)1 - ϵ1 + ϵ)=
ì

í

î

ïïïï

ïïïï

1 - ϵ    r(θ)£ 1 - ϵ
1 + ϵ    r(θ)³ 1 + ϵ
r(θ)     otherwise

(12)

According to (12), J(θ) is limited to prevent the updated 
policy far from θold. The gradient ascent method is used to 
maximize the objective function of the actor [34]. θ of an ac‐
tor is updated as:

θ = θold + αÑθ J(θ) (13)

where α is the learning rate; and Ñθ J(θ) is the gradient of 
J(θ) to θ.

The critic is a DNN denoted by Vϕ (s), representing the 
value of state s with parameter ϕ. The critic aims to mini‐
mize the difference between the estimated value of action 
and a target value R̂t. The critic employs the loss function 
L(ϕ) based on the mean squared error regression as:

L(ϕ)=Eτ  θold
(Vϕ (st )- R̂t )

2 (14)

R̂t = rt + γVϕ (st + 1 ) (15)

ϕ in a critic is updated as:

ϕ = ϕold + αÑϕL(ϕ) (16)

C. Market Simulation Framework: MAPPO

The proposed MAPPO framework is shown in Algo‐

rithm 2.

As shown at step 4, the bidding strategy space of an agent 
is extracted based on the historic bidding data of the genera‐
tor at this time. Generators can submit different bidding 
curves at different time. One generator is modeled as differ‐
ent agents at different time. In the markets where the genera‐
tor can only submit one bidding curve in a day, there is no 
need to extract different bidding strategy spaces at different 
time. The hyperparameters and actions of agents are initial‐
ized at steps 5 and 6. The market is cleared by the ED pro‐
gram at step 9 after all agents choose the actions, rather than 
one agent choosing an action. This is because agents make 
bidding actions simultaneously. Then, agents are trained by 
PPO algorithm from step 10 to step 25. At each episode, 
agents choose actions at step 12 and get rewards at step 15. 
The strategies are improved from step 18 to step 23, as 
shown in Section III-B. When the bidding process is com‐
pleted, the market simulation result at time t is obtained at 
step 26. As shown in Algorithm 2, there is no limit to the 
number of agents in the proposed MAPPO framework. How‐
ever, in the markets with a large number of generators, the 
computational cost of modeling all generators as individual 

Algorithm 2: proposed MAPPO framework

Input: historical bidding data, load of target day, and hyperparameters of 
PPO algorithm

Output: market clearing results at time t

1. Set market simulation intervals T, episodes E, update times K, and ini‐
tial cleared energy of generator g q0

g

2. for t = 1:T do

3.   for gÎG do

4.     Extract bidding strategy spaces of agent g at time t from historical 
bidding data by algorithm 1

5.     Randomly choose initial action a0
gt

6.     Initialize θ of actors and ϕ of critics

7.   end for

8.   Clear markets by the ED

9.   Obtain initial state s0
gt"gÎG

10.  for e = 1:E do

11.    for gÎG do

12.      Agents act based on policy network of actors

13.    end for

14.    Clear markets by ED and update state se
gt"gÎG

15.    Calculate reward r e
gt according to (6)

16.    for gÎG do

17.      Record trajectories τ

18.      for k = 1:K do

19.        Calculate J(θ) according to (10)

20.        Update θgt according to (13)

21.        Calculate L(ϕ) according to (14)

22.        Update ϕgt according to (16)

23.      end for

24.    end for

25.    end for

26.  Obtain market clearing results with updated θ

27. end for
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agents is huge. A practical solution is aggregating bidding 
strategies of generators belonging to the same company as 
strategies of one agent. In this way, the proposed MAPPO 
framework models bidding strategies of companies, rather 
than individual generators. The accuracy of MAPPO inevita‐
bly decreases in these markets.

IV. CASE STUDIES 

A. Case Settings

The market data from the New South Wales in AEMO 
[35] are used to test the proposed MAPPO framework. The 
market clearing results from 04:00 on October 7, 2022 to 04:
00 on October 8, 2022 are investigated. The time precision 
is half an hour. The historical bidding data from July 6, 
2022 to October 6, 2022 are used to extract the bidding strat‐
egy spaces of agents. The distance threshold is set to be D =
0.09. The first 13 dispatched largest thermal generators and 
an aggregated generator make up 14 agents. The details 
about 14 agents can be referred to [36]. Agents 3 and 10 be‐
come online as soon as they submit non-zero quantities, and 
agent 13 keeps online until it submits the zero quantity. This 
indicates that the three agents actively choose whether to be 
dispatched. Because the private information to reveal these 
bidding behaviors is not accessible, the bidding quantities of 
agents 3, 10, and 13 during their offline time are fixed as 0. 
cgn is set to be 29.07 $/MWh for coal-fueled generators and 
174.66 $/MWh for gas-fueled generators [37]. The maxi‐
mum and minimum bidding prices are set to be pmax = 300 $/
MWh and pmin = 50 $/MWh, respectively. The hyperparame‐
ters of agents and the PPO algorithm are shown in Table I. 
Real market results are obtained by using real bidding data 
in the ED model. The ED is programmed by general algebra‐
ic modeling system (GAMS) and solved by solver CPLEX. 
All RL approaches are implemented by Pytorch.

B. Practical Bidding Strategy Space Extraction

The every-half-hour bidding strategy spaces of the 14 
agents are extracted. The number of clustered centers repre‐
sents the strategy space size. The strategy space sizes of all 
agents at different time are shown in Fig. 2. Practical bid‐
ding strategy spaces are heterogeneous. Agents 1, 2, and 3 
take more bidding strategies. In contrast, agents 10-14 take 

fewer bidding strategies, indicating that the bidding behavior 
of these agents is more predictable. The bidding strategy 
space of one agent varies at different time. It is necessary to 
extract practical and heterogeneous bidding strategy spaces 
based on real market data to improve the practicality of the 
market clearing results.

As a variant of the K-means algorithm, the K-medoids al‐
gorithm with the proposed distance metric (denoted as A1) 
is compared with the proposed clustering algorithm based on 
granular computing (denoted as A2). The number of clusters 
in A1 is set as the value in A2 for comparison. The cluster‐
ing results of agent 10 at 14:30 by different clustering algo‐
rithms are shown in Fig. 3.

The areas enclosed by curves in one cluster are shaded. 
Different from theoretical assumptions, practical bidding 
strategies only feature 9 shapes. All bidding strategies are 
clustered into 4 clusters. The average area enclosed by A2 
and the variance of areas in A2 is smaller. The performance 
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Fig. 3　Clustering results of agent 10 at 14:30 by different clustering algo‐
rithms. (a) Results by A1. (b) Results by A2

TABLE I
HYPERPARAMETERS OF AGENTS AND PPO ALGORITHM

Parameter

Agent layer number

Activation function

Hidden layer size

ϵ

E

α

K

γ

T

Value

3

ReLU

32

0.2

2500

0.001

5

0.9

48

34

25

17

9

1

Number of
strategies

1
2
3
4
5
6
7
8
9

10
11
12
13
14

04:30 07:30 10:30 13:30 16:30
Time

19:30 22:30 01:30 04:00

A
ge

nt

Fig. 2.　Strategy space sizes of all agents at different time.
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of A2 is better than that of A1 with suboptimal initialized 
centers. The average areas enclosed by bidding curves in 
one cluster for each agent at every time (48 areas per agent) 
are calculated. The maximums, variances, means, and 
weighted Calinski-Harabasz and Silhouette coefficients [38] 
of 48 areas of every agent are shown in Table II, where the 
best indexes are bold. All maximums in A2 are not larger 
than D = 0.09. The maximums for 12 of 14 agents under A2 
are less than those under A1, proving the effectiveness of A2 
in limiting the lower bound of the representativeness of cen‐
ters in clusters. The variances for 12 of 14 agents under A2 
are also less than those under A1 because the maximums are 
restricted in A2. The means of 8 agents are slightly in‐

creased under A2. In A2, the cluster with the smallest area 
continues to embrace the unclassified bidding curves until 
the maximum area of all clusters reaches D = 0.09. The areas 
of small clusters are increased, and the area differences be‐
tween different clusters are reduced. The performance of A1 
and A2 on weighted Calinski-Harabasz and Silhouette coeffi‐
cients is similar. This means the intra-cluster compactness 
and inter-cluster separation of A1 and A2 are similar. To 
sum up, the proposed clustering algorithm can constrain the 
lower bound of the representativeness of clusters without sac‐
rificing the intra-cluster compactness and inter-cluster separa‐
tion, compared with traditional clustering algorithms.

A sensitivity analysis of distance threshold D is made. 
The strategy space distribution under D = 0.05, D = 0.09, and 
D = 0.15 is tested, respectively. The comparison is shown in 
Table III. The variance decreases and the number of strate‐
gies increases under D = 0.05. The representativeness of strat‐
egies is improved. Suppose D is an extremely small value, 
every single strategy is categorized into one cluster, and 
there is no need to implement the clustering algorithm. How‐
ever, a large number of strategies increase the computation 
burden of the proposed MAPPO framework. The variance of 
strategy increases and the number of strategies decreases un‐
der D = 0.15, sacrificing the representativeness of strategies. 
D = 0.09 is selected as a compromise between representative‐
ness of clustered centers and computation burden of the pro‐
posed MAPPO framework.

C. Strategy Space Comparison

The ability of practical and heterogeneous strategy spaces 
to reveal market clearing results is tested. If differences be‐
tween the cleared energy quantity and real market results are 
minor, the strategy space can better reveal market clearing 
results. The methods to construct theoretical strategy spaces 
in [10] and [11] are implemented for comparison.

The strategies in [10] are in the form of one price-quanti‐
ty pair. In [11], bidding prices are determined by multiplying 

TABLE II
COMPARISON OF ALGORITHMS A1 AND A2

Agent

1

2

3

4

5

6

7

8

9

10

11

12

13

14

Maximum

A1

0.12

0.12

0.12

0.10

0.10

0.10

0.12

0.12

0.11

0.09

0.09

0.06

0.08

0.05

A2

0.09

0.09

0.09

0.08

0.08

0.08

0.09

0.08

0.09

0.08

0.08

0.06

0.07

0.05

Variance

A1

0.0014

0.0015

0.0014

0.0013

0.0012

0.0009

0.0014

0.0015

0.0014

0.0011

0.0014

0.0006

0.0010

0.0004

A2

0.0006

0.0006

0.0006

0.0006

0.0006

0.0006

0.0006

0.0007

0.0007

0.0007

0.0008

0.0006

0.0008

0.0004

Mean

A1

0.045

0.047

0.046

0.044

0.051

0.048

0.048

0.047

0.045

0.058

0.050

0.034

0.036

0.027

A2

0.050

0.052

0.051

0.048

0.053

0.048

0.049

0.048

0.048

0.053

0.046

0.034

0.036

0.027

Weighted Calinski-Harabasz coefficient

A1

30

25

23

307

123

96

35

71

55

55

103

360

92

5160

A2

34

24

23

478

77

111

38

94

54

32

47

287

102

6098

Weighted Silhouette coefficient

A1

0.35

0.33

0.33

0.51

0.40

0.50

0.46

0.46

0.44

0.69

0.73

0.71

0.68

0.61

A2

0.34

0.33

0.34

0.51

0.42

0.51

0.46

0.47

0.44

0.72

0.71

0.71

0.67

0.62

TABLE III
SENSITIVITY ANALYSIS OF DISTANCE THRESHOLD D

Agent

1

2

3

4

5

6

7

8

9

10

11

12

13

14

D = 0.05

Variance

0.0003

0.0003

0.0003

0.0003

0.0002

0.0002

0.0003

0.0003

0.0003

0.0002

0.0002

0.0001

0.0003

0.0002

Number

38

43

38

15

21

18

29

24

24

6

6

7

8

4

D = 0.09

Variance

0.0006

0.0006

0.0006

0.0006

0.0006

0.0006

0.0006

0.0007

0.0007

0.0007

0.0008

0.0006

0.0008

0.0004

Number

24

26

23

9

12

12

19

15

15

4

4

5

6

3

D = 0.15

Variance

0.0011

0.0010

0.0010

0.0012

0.0012

0.0016

0.0011

0.0013

0.0012

0.0008

0.0015

0.0012

0.0019

0.0008

Number

14

14

13

6

7

7

12

9

9

3

3

3

4

2
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the cost of each block with one strategic factor. Details can 
be referred to [36]. The percentage of the absolute difference 
between cleared energy quantity and real market results rela‐
tive to real market results is defined as average difference. 
Average differences under the proposed MAPPO framework 
by using different strategy spaces are shown in Table IV. 
The most minor differences in every row are bold. Ten of 
the 14 agents get the most minor differences with the pro‐
posed bidding strategy spaces.

The average market clearing prices and the average profits 
of agents with different strategy spaces under the proposed 
MAPPO framework are shown in Table V.

The average market clearing prices and the average profits 
of agents under the proposed bidding strategy spaces are 
closer to real market results than those under theoretical 
strategy spaces. The average market clearing prices and the 
average profits of agents under theoretical strategy spaces 
are lower than real market results. Under theoretical strategy 
spaces, the agents bid with all energy capacities homoge‐

neously. The energy supply far exceeds energy demands. 
The cleared energy quantity of agents can significantly in‐
crease by slightly lower bidding prices compared with other 
homogeneous competitors. The fierce competition forces 
agents to lower bidding prices, resulting in extremely low av‐
erage market clearing prices and average profits of agents. 
The competition in real markets is not as fierce as theoreti‐
cal assumptions. The proposed bidding strategy spaces out‐
perform other theoretical strategy spaces in revealing market 
clearing results.

The performance of the proposed MAPPO framework in 
other scenarios is tested. The ratio of cleared renewable ener‐
gy and thermal energy on October 9 is 35.6%, which is 
much higher than 23.8% of the benchmark day. This indi‐
cates the renewable energy output is very high. The ratio of 
load and thermal generator capacity on October 10 is 77.4%, 
which is much higher than 67.2% of the benchmark day. 
This indicates the supply and demand are in a state of ten‐
sion. And the two adjacent dates constitute a multi-period 
scenario. There are 15 agents bidding in the market in these 
two days, different from 14 agents on the benchmark day. 
The results are shown in Table VI, where \ indicate that the 
agent does not sell energy in the market. The average differ‐
ences are comparable to those in Table IV. The proposed 
MAPPO framework can perform well in extreme scenarios.

D. Multi-agent Framework Comparison

The following frameworks are implemented on the same 
bidding strategy spaces to show the merits of the proposed 
MAPPO framework.

1) Nash equilibrium-based (NE) framework: in game theo‐
ry, Nash equilibrium is a state where no player can improve 
the profit by unilaterally changing his action. The strategies 
at the Nash equilibrium are used.

2) Multi-agent DDQN-based (MADDQN) framework: 
agents strategically bid with double deep Q network 
(DDQN). DDQN overcomes the Q-value overestimation in 

TABLE V
AVERAGE MARKET CLEARING PRICES AND AVERAGE PROFITS OF AGENTS 

WITH DIFFERENT STRATEGY SPACES UNDER PROPOSED MAPPO 
FRAMEWORK

Strategy space

Real

Proposed

Ref. [10]

Ref. [11]

Average profit 
($106)

1.11 (+0%)

1.66 (+49.5%)

0.43 (-61.3%)

0.45 (-59.5%)

Average market clearing 
price ($/MWh)

154.05 (+0%)

210.12 (+36.4%)

74.74 (-51.5%)

76.24 (-50.5%)

Note: the value in the parenthesis represents the percentage of the absolute 
difference between cleared market results and real market results relative to 
real market results.

TABLE VI
PERFORMANCE OF PROPOSED MAPPO FRAMEWORK IN EXTREME SCENARIOS

Agent

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

Average difference (%)

October 9

17.10

20.40

⩾100.00

10.70

9.30

10.50

14.50

21.90

53.20

22.50

23.70

⩾100.00

3.10

11.00

⩾100.00

October 10

18.90

16.30

22.30

9.70

9.00

6.60

21.20

18.10

18.50

12.70

30.70

⩾100.00

\

\

⩾100.00

TABLE IV
AVERAGE DIFFERENCES BETWEEN CLEARED ENERGY QUANTITY AND REAL 
MARKET RESULTS WITH DIFFERENT STRATEGY SPACES UNDER PROPOSED 

MAPPO FRAMEWORK

Agent

1

2

3

4

5

6

7

8

9

10

11

12

13

14

All agents

Average difference (%)

Proposed

28.20

20.90

100.00

11.80

10.00

15.50

23.30

16.40

16.40

47.30

9.40

10.70

53.90

100.00

21.00

Ref. [10]

24.00

29.70

81.30

16.00

20.40

18.90

27.20

22.60

18.20

75.90

55.60

45.30

100.00

100.00

30.90

Ref. [11]

21.30

24.30

100.00

17.90

16.50

16.40

29.60

17.80

17.00

44.60

43.50

33.80

99.90

100.00

26.90
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DQN. Compared with PPO algorithm, actions of agents are 
not clipped in DDQN. Details can be referred to [39].

The cumulative profits of all agents under different frame‐
works are shown in Fig. 4.

Compared with profits of MADDQN and NE frameworks, 
those under the proposed MAPPO framework are closer to 
real market profits. The proposed MAPPO framework outper‐
forms other frameworks in depicting real market results. The 
agents under the NE framework have complete information 
about market clearing results. This strong assumption results 
in the highest overall profit. The more realistic incomplete 
information under the MADDQN and proposed MAPPO 
frameworks results in lower profits. Policy of agents updat‐
ing in DDQN is not limited during the training process. The 
profits under the MADDQN framework are higher than 
those under the proposed MAPPO framework. Policy of 
agents updating in PPO algorithm is limited by the clip func‐
tion during the training process. This is consistent with Fig. 
2, which states that agents do not take too many bidding 
strategies. Most agents tend to take previous strategies to 
avoid drastic fluctuations in market clearing results. The as‐
sumption that agents can change bidding strategies arbitrari‐
ly results in deviations from real market results.

The profits of agents under different frameworks are 
shown in Fig. 5. Again, the average profits of all agents un‐
der the proposed MAPPO framework are the closest to real 
profits. Most agents get the highest profits under the NE 
framework, except for agents 1, 3, 8, and 13 who earn the 
highest profits under the MADDQN framework. The incom‐
plete information environment under the MADDQN frame‐
work hinders the other ten agents from higher profits. The 
profits of agents 3, 13, and 14 are obviously less than those 
of other agents. This is because agent 3 only sells energy at 
the last 3 times. And the costs of agents 13 and 14 are obvi‐
ously higher than those of other agents. Agents 4-9 make 
more profits. By analyzing Fig. 2 and Fig. 5, profitable strat‐
egy spaces vary at different time, rather than remaining con‐
stant. A too-large or too-small bidding strategy space can not 
significantly improve profits.

The convergences of the proposed MAPPO and MAD‐
DQN frameworks are compared. Market clearing prices dur‐
ing the training process at different time are shown in Fig. 
6. The lines represent the mean values of 10 episodes, and 
the shaded areas represent the standard deviations. Both 
frameworks can converge after 2500 episodes.

The convergence speeds are not distinct. The market clear‐
ing prices under the proposed MAPPO framework are less 
volatile because clip functions are used to avoid violating 
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changes in parameters of agents and stabilize the training 
process. The convergence of the proposed MAPPO frame‐
work is better. The PPO algorithm is more suitable for strate‐
gic bidding problems.

E. Bidding Strategy Analysis

The bidding strategies of agents are investigated. The mar‐
ket clearing prices and loads at different time are shown in 
Fig. 7.

Strategic bidding makes market clearing prices high dur‐
ing most time periods with high demand, such as 05:00-07:
00 and 15:00-21:30. The market clearing prices are low dur‐
ing time periods with low demand such as 02:30-04:00 and 
13:00-14:00. The market clearing prices during time periods 
with high demand are not always high, indicating that the 
strategy bidding of agents are not always optimal in reality. 
The bidding strategies of agents at time with high market 
clearing prices are shown in Fig. 8.

Energy quantity with bidding prices below the market 
clearing price is procured. Agents 4, 5, 6, 8, and 9 make the 
bidding prices of most energy quantities below the market 
clearing prices and the bidding prices of a small part of ener‐
gy quantities high. These strategies can ensure that most en‐
ergy quantities are cleared, and raise the market clearing 
prices during time periods with high demand to make excess 
profits. These five agents are the top five ones with the most 
cleared energy quantity. As shown in Fig. 5, these five 
agents make the highest profits among all agents. The mar‐
ginal agent that determines market clearing prices is agent 7. 
The procured energy of agent 7 is less than that of the five 
agents, making its profit lower than that of the five agents. 
A skillful agent should sell much energy during time periods 
with high market clearing prices and avoid becoming the 
marginal agent.

The market clearing prices with pre-aggregated and post-
aggregated strategies of small generators are compared to 
validate the rationality of the data aggregation. Price differ‐
ences only occur at three time points: 12:00, 16:00, and 17:
00, with the corresponding price difference ratios being 
13.8%, 26.8%, and 8.5% respectively. As small generators 
with little market power can hardly determine the market 
clearing prices, most of them set the energy that they want 
to be cleared at extremely low prices, and set the energy that 
they do not want to be cleared at extremely high prices at 
most time. In other words, most energy quantities concen‐
trate below the lower price bound and above the upper 
price bound. The sample error caused by data aggregation 
at these intervals hardly influences the market clearing re‐
sults. Therefore, the error caused by the data aggregation 
is decreased.

V. CONCLUSION 

This paper proposes a data-driven multi-agent framework 
for electricity market simulation. Numerical results support 
three findings. First, the representativeness of the strategies 
clustered by the granular computing-based clustering algo‐
rithm is better than other algorithms. The algorithm is more 
suitable for extracting practical and heterogeneous bidding 
strategy spaces. Second, market clearing results under the 
proposed MAPPO framework are closer to reality than those 
under theoretical and homogeneous strategy spaces. Third, 
the proposed MAPPO framework outperforms similar frame‐
works with the same bidding strategy spaces in revealing 
market clearing results.

The proposed MAPPO framework is not applicable in the 
markets that provide no individual bidding data. In the mar‐
kets with few price-makers and huge number of price-takers, 
enumerating bidding behavior of all agents is costly, and the 
accuracy of the proposed MAPPO framework decreases.

The proposed MAPPO framework provides a tool for 
ISOs to analyze the market evolution process. Energy provid‐
ers can improve their bidding strategies. Future work can fo‐
cus on more RL approaches with better performances to im‐
prove the applicability of this research.
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APPENDIX A 

The model of ED program is shown as:

min
ì
í
î

ïï∑
gÎG
∑
nÎN

Pgtnqc
gtn +Prp ×

é
ë
êêêê ù

û
úúúú∑

gÎG

(DqD
gt +DqU

gt ) +DqL
t

ü
ý
þ

ïï
  (A1)

s.t. ∑
gÎG
∑
nÎN

qc
gtn +DqL

t = Lt:Prt    "tÎ T (A2)

RDg -DqD
gt £∑

nÎN

qc
gtn - qt - 1

g     "gÎG"tÎ T (A3)

∑
nÎN

qc
gtn - qt - 1

g £RUg +DqU
gt    "gÎG"tÎ T (A4)

qc
gtn £ qgtn    "gÎG"tÎ T"nÎN (A5)

DqD
gtDqU

gtDqL
t ³ 0    "gÎG"tÎ T (A6)

where Lt is the energy demand; RDg and RUg are the ramp up 
and ramp down rates, respectively; and qt - 1

g  is the energy out‐
put at the last time. The Lagrange multiplier of the system en‐
ergy balance constraint (A2) is the market clearing price Prt. 
The congestion constraint is not included because the detailed 
topology information is not accessible for generators in most 
electricity markets.
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