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ABSTRACT

The aggregation of distributed electric vehicles (EVs) initiates a promising avenue for constructing a virtual energy storage system within the 
distribution electricity market. To unlock the latent storage capacity inside the large-scale electrified transportation system and reduce redundant 
investment in the traditional power plant, a market-incentivized aggregation framework is developed to integrate those inherently stochastic energy 
resources. To address the substantial computational complexity posed by large EV populations and align with their distributed operational nature, an 
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artificial intelligence (AI)-enabled evolutionary peer-to-peer game with price-making and probabilistic policy is deployed to emulate market dynamics 
effectively. The proposed strategy minimizes overall energy demand and shifts peak loads, thereby enhancing system flexibility and enabling the 
formation of an aggregation-based capacity for grid management. In response to the varying energy dynamics across communities, the framework 
embeds a price-making scheme to reinforce economic incentives for participation. Through continuous, distributed dispatch enabled by the probabilistic 
policies, fine-grained management over large-scale energy integration is achieved. Experimental evaluations using real-world distribution system data 
validate the effectiveness of the proposed framework in stimulating EV participation and establishing a robust, aggregated energy storage system.

1. Introduction

Electric vehicles (EVs) and the uncertainties associated with their integration are reshaping the traditional distribution 
electricity system. As a response to the consumption of fossil fuels and the emission of carbon dioxide, vehicle electrification is 
increasing in many countries, such as Germany [1], Denmark [2]. Less than a year after its announcement, Tesla’s Shanghai plant 
delivered its first EV on December 30, 2019. The production rate at this Gigafactory is expected to reach 500 000 vehicles per 
year [3]. With an investment of 1.5 billion USD, Xiaomi has also entered the EV market [4]. According to Ref. [5], the United 
States administration aims for 50% EVs adoption by 2030. Driven by the zero emission goal, the automotive markets in the United 
States, Europe, and China are expected to be electrified by 2035. As the push to reduce fossil fuel-powered vehicles continues, 
the rapid growth of EVs is increasingly impacting distribution power systems.

As the interface between EVs and the electrical grid, various charging devices have been installed worldwide. For example, 
Tesla’s Wall Connector [6] can deliver a maximum power of 11.5 kW under home charging conditions. The widespread diffusion 
of Internet-of-Things devices in residential and commercial sectors, and the increasing deployment of EVs and smart charging 
systems will significantly expand demand response capabilities [7]. In addition to corporate efforts, governments are accelerating 
the release of standards. In Singapore, for instance, the Land Transport Authority and the Energy Market Authority have 
introduced public charging regulations for EVs. These standards include Type 2, Combo-2, and CHAdeMO connectors and inlets 
[8]. Asea Brown Boveri Ltd. (ABB) has also unveiled its dynamic direct current (DC) power-sharing technology, enabling fast 
charging at up to 350 kW and 500 A per vehicle. The Terra high-power charger from ABB offers an output voltage range of 150–
920 V, accommodating the charging needs of various vehicles [9]. With such significant power and sales growth, millions of EVs 
are poised to become a vast asset to the energy system, functioning as large-scale mobile energy storage.

With the widespread deployment of electricity chargers, the integration of EVs and power system has become a prominent 
research topic. This integration spans various areas, including electronic power implementation, dispatch strategy design, and 
market optimization. Among these, vehicle-to-grid (V2G) has garnered significant attention for its potential to support the grid. 
Beyond the traditional charging function, V2G utilizes EV batteries in bidirectional interactions with the grid, enabling EVs to 
discharge power back into the grid when needed. EV owners are compensated for their contributions, creating an economic 
incentive for participation. The Danish project is one of the first demonstrations of V2G technology, with key participants 
including Mitsubishi Motors Corporation, PSA Groupe, and Nissan. These automakers have tested frequency and voltage support 
provided by EVs [10]. Building on the potential of EVs, Ref. [11] investigated strategies for implementing V2G systems and 
maximizing the benefits of parking lots, focusing on revenue models that optimize service pricing and investment capital. 
Additionally, Ref. [12] studied the economic benefits of EVs in regulation services, using a fleet of 100 Ford cars and 252 Toyota 
cars. The findings indicated that V2G participation would not hinder the adoption of EVs, but rather could lead to a slight reduction 
in electricity prices [13]. Further, coordinated fleets of EVs have been shown to provide significant grid support. For instance, 
Ref. [14] derived a cyber-physical model to present the vehicle-grid system during the frequency regulation. To manage large EV 
fleets effectively, Ref. [15] incorporated energy constraints into scheduling and planning to determine the flexibility availability 
of EVs at different time intervals. Despite these promising studies, existing research mainly focuses on the economic benefits of 
V2G technology, often overlooking the market processes and aggregation capacity that could lead to more accurate predictions. 
The continuity and dynamics of the entire system are critical to understanding how V2G can fully contribute to grid stability and 
efficiency.

As uncoordinated EVs might alter residential consumption patterns, excessive concentration of EV loads may place substantial 
stress on distribution infrastructure. Therefore, proper regulation is crucial for effective community-level EV aggregation. 
Centralized regulation approaches have shown promise, with the potential for EV behavioral adjustments to create new 
opportunities in the demand-side aggregation market. For example, a multi-stage stochastic optimization model with risk 
consideration was proposed for battery swapping stations to reduce costs under acceptable quality of service levels [16]. In Ref. 
[17], a charging management strategy was proposed for EV aggregators, employing linear programming to determine optimal 
charging setpoints. This strategy involved a hierarchical three-level control structure: At the first level, EV aggregators received 
the cleared energy quantity from the market; the second level handled 5-minute interval allocations for individual EVs; and the 
third level executed automatic generation control for regulation. Aggregators also broadcast control signals to encourage fair 
participation among all EV users. Moreover, Ref. [18] addressed phase load imbalance by coordinating the single-phase charging 
demand of EVs using V2G power transfer. A centralized coordination system was also proposed in Ref. [19] to integrate both 
individual and fleet-level data, with the goal of minimizing load variance and avoiding violations of network power limits. 
However, as EV penetration increases rapidly, global optimization strategies face growing challenges. These approaches not only 
impose a heavy computational burden but also risk neglecting the autonomy and motivation of individual EV users.
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To encourage the participation of distributed EVs, several studies have investigated the flexibility that can be provided by 
adjusting EV charging schedules. By integrating centralized coordination with price dynamics, a Lagrangian relaxation structure 
was employed in Ref. [20] to coordinate EVs and heat pump systems. In this approach, each EV independently responded to 
dynamic prices (DP) in a day-ahead market, aiming to minimize its charging costs through decentralized sub-problems. However, 
EVs were modeled solely as flexible loads, with their discharging capabilities omitted, thereby limiting their contribution to grid 
services. In Ref. [21], decentralized submarkets at the aggregator level were formulated using the General Algebraic Modeling 
System (GAMS) to address feeder congestion. While this work considered coordination among EV aggregators, it did not address 
the incentive mechanisms for individuals. Hence, the full participation potential of EV owners within local communities remains 
untapped.

In terms of EV-related market mechanisms, Ref. [22] discussed the development of decentralized energy trading mechanisms 
and their potential for integrating distributed energy resources and EVs. Ref. [23] investigated market-based allocation of EV 
charging capacity in distribution networks to improve operational efficiency. A peer-to-peer (P2P) energy trading mechanism was 
proposed in Ref. [24] to coordinate EV charging schedules and enhance energy utilization among participants. Moreover, Ref. 
[25] explored game-theoretic coordination of shared EV fleets and V2G services to alleviate network congestion. These recent 
studies highlight the growing importance of market-oriented and decentralized coordination mechanisms for EV energy 
management, which motivates the AI-enabled evolutionary framework proposed in this work.

To maximize incentives within the EV community, this work proposes an aggregation model built upon a localized market. 
Leveraging this model, an AI-enabled evolutionary peer-to-peer game (EPPG) is developed to effectively incentivize individual 
EV owners by minimizing their operational costs. Through this aggregation model and EPPG strategy, the capacity value of 
distributed EVs in energy markets is exploited and a sustainable market mechanism that accounts for customer-side flexibility 
can be established. 

In this work, AI primarily serves as a learning-based decision-making mechanism that enables customers to adaptively 
determine their charging and discharging strategies under dynamic pricing signals and uncertain system conditions. Specifically, 
the AI component is implemented using a reinforcement learning-based approach, which allows individuals to learn optimal 
strategies through interaction with the environment and others, rather than relying on predefined behavioral models. This 
capability enables the framework to capture complex and dynamic user responses in large-scale aggregation scenarios. The 
integration of AI brings two key advantages. First, it enables adaptive strategy learning under dynamic and uncertain environments, 
improving the robustness of the evolutionary game process. Second, it enhances the scalability and practical applicability of the 
model by allowing distributed users to autonomously learn equilibrium behaviors without requiring full system information.

The key contributions of this work can be summarized in the following three aspects:
(1) Aggregation model. An aggregation model is formulated to organize distributed EV owners into a local community market, 

where energy prices are dynamically determined, and P2P energy trading is enabled within the distribution electricity network.
(2) AI-enabled EPPG. The joint optimization of dynamic pricing and individual customer behavior within the aggregation 

model is reformulated as an EPPG. In this fully decentralized setting, each EV owner independently makes decisions based on 
local observations. Deep reinforcement learning (DRL) is employed to guide the evolving strategies of the community, 
minimizing energy expenses and mitigating demand peaks.

(3) Probabilistic optimization. To enhance the convergence efficiency of EPPG, a probabilistic decision-making mechanism 
is incorporated. By sampling continuous actions from a Gaussian distribution and employing an adaptive update clipping strategy, 
the proposed method ensures stable training dynamics and faster convergence.

The remainder of this paper is organized as follows. Section 2 derives an aggregation model that captures dynamic pricing and 
EV behaviors within a local community. To optimize the price and EV responses, AI-enabled EPPG is introduced in Section 3, 
enabling the exploration of latent capacity. Section 4 evaluates the EPPG’s performance from five perspectives: probabilistic 
optimization benefits, price-setting efficiency, EV behavioral dynamics, scalability with EV population, and overall aggregation 
capacity. Finally, Section 5 concludes the study and discusses directions for future research.

2. Market-incentivized EV aggregation

This section presents the physical models of EVs and grid, which form the foundation for analyzing interactions within the 
local market. Based on these models, an aggregation model is proposed to enable dynamic pricing and behavioral optimization 
of EVs within the community.

2.1. Physical modeling of vehicles and grid

Because EVs can only provide grid services when parked at locations equipped with charging/discharging facilities, their 
availability is represented by a binary variable. For an individual EV user, the availability variable 𝐴𝑖

𝑡 describes whether the 
vehicle can participate in the response service. If 𝐴𝑖

𝑡 = 1, it indicates the ith EV is available with the charging/discharging device 
preparing for the market response. When 𝐴𝑖

𝑡 = 0, the vehicle is either in the driving stage or parked in an area without charging 
devices. Therefore, the availability mode of ith EV is established as:
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𝐴𝑖
𝑡 = 1,  if 𝑖th EV is available at time 𝑡

0,  if 𝑖th EV is not available at time 𝑡          (1)
Since the response energy of an EV depends on both the charging power and its available duration, a variable of response time 

𝑇𝑖
𝑡 is defined to quantify the EV charging/discharging time. Unlike traditional controllable loads, EVs offer enhanced flexibility 

due to their bidirectional energy flow capability. Normalizing the power range by the nominal value, the power 𝑃𝑖
𝑡 of an individual 

EV varies between −1 and 1. The response capacity of ith EV over time interval t can be expressed as:
𝐸𝑖

𝑡 = 𝐴𝑖
𝑡·𝑃𝑖

𝑡·𝑇𝑖
𝑡               (2)

where 𝑃𝑖
𝑡 denotes the charging state, while the discharging happens with 𝑃𝑖

𝑡 < 0. Considering the initial state-of-charge (SOC𝑖
𝑡), 

the EV SOC is constrained within a practical operational range [0, 90%] as an example. The initial and ending SOC values are 
affected by the response capacity:
SOC𝑖

𝑡end
= SOC𝑖

𝑡 + ∑𝑡end
𝑡 𝐸𝑖

𝑡                  (3)
To ensure normal travel operations, SOC𝑖

𝑡end (𝑖 = 1,2,...,𝑛) are maintained above 90% as an example, here n is the number of EV 
owner. The effects of charging and discharging efficiency can also be incorporated into Eqs. (2) and (3) via coefficients. As 
observed from Eq. (3) that the dynamic behavior of each EV is influenced by 𝐴𝑖

𝑡, 𝑃𝑖
𝑡, and 𝑇𝑖

𝑡. Given that individual trip routines 
vary across EV owners, it becomes imperative to design a fully autonomous scheduling strategy tailored to each EV, enabling 
them to manage their energy exchange independently while still contributing to community-level coordination.

At each time slot, the net power imbalance (𝑃im,𝑡) is defined as the difference between the distributed renewable source 𝑃𝑖
r,𝑡 

and load 𝑃𝑖
l,𝑡:

𝑃im,𝑡 = ∑𝑡end
𝑡 𝑃𝑖

r,𝑡 ― ∑𝑡end
𝑡 𝑃𝑖

l,𝑡             (4)
The peak value of 𝑃im,𝑡 will affect the distribution grid infrastructure, particularly under scenarios of simultaneous EV charging 

or discharging. By a sagacious aggregation strategy, effectively shaping the collective EV behavior into a more flexible and grid-
friendly community capacity.

2.2. Aggregation model of EV community

For each customer, the interaction with the electrical grid results in a cost when the vehicle is charging 𝑃𝑖
𝑡 > 0 and a revenue 

when discharging energy to the grid 𝑃𝑖
𝑡 < 0. Let 𝑝c,𝑡 and 𝑝s,𝑡 denote the community-level electricity consumption and selling 

prices at time t, respectively. The net cost of energy trading within the community over the time horizon (C) can be expressed as:
𝐶 = ∑𝑛

𝑖=1 ∑𝑡end
𝑡 𝑐𝑖

𝑡 ∙ 𝑃𝑖
𝑡 ∙ 𝑝c,𝑡 + 𝑠𝑖

𝑡 ∙ 𝑃𝑖
𝑡 ∙ 𝑝s,𝑡                        (5)

where the power consumption sign 𝑐𝑖
𝑡 = 1 with 𝑃𝑖

𝑡 > 0, while 𝑐𝑖
𝑡 = 0 with 𝑃𝑖

𝑡 < 0. In contrast, the power selling sign 𝑠𝑖
𝑡 = 0 with 𝑃𝑖

𝑡
> 0, while 𝑠𝑖

𝑡 = 1 with 𝑃𝑖
𝑡 < 0. 

Although direct energy transactions with the grid help maintain individual power balance, frequent trading can increase power 
fluctuations and stress the tie-line capacity of the distribution grid. To mitigate these effects, P2P energy transactions are 
introduced within the local EV community. Through P2P trading, each customer can share the energy within the local community. 
To stimulate the P2P transaction, the P2P price 𝑝p2p,𝑡 > 0 is designed based on the grid sell and consumption prices [𝑝gs,𝑡, 𝑝gc,𝑡]. 
The P2P trading price is optimized to be different from the trading price with the grid, thereby encouraging EV users to engage 
in trading amongst themselves.

For each customer, the trading power 𝑃𝑖
t can be decomposed into the consumption and selling parts:

𝑃𝑖
t = 𝑃𝑖

c,𝑡 + 𝑃𝑖
s,𝑡           (6)

where either consumption 𝑃𝑖
c,𝑡 or selling 𝑃𝑖

s,𝑡 is 0 at time t.
To boost the community-level EV aggregation, the aggregation model has two layers. In the first layer, the community 

consumption and selling prices can be determined at each time slot to accelerate the aggregation: 

𝑝p2p,𝑡 = 𝑝c,𝑡, 𝑃𝑖
c,𝑡 ≥ 0,𝑃𝑖

s,𝑡 = 0
𝑝s,𝑡,𝑃𝑖

s,𝑡 > 0,𝑃𝑖
c,𝑡 = 0              (7)

After that, the total cost in Eq. (5) is assigned to each EV owner in the second layer of the aggregation model:
𝐶𝑖

𝑡 = 𝑐𝑖
𝑡 ∙ 𝑃𝑖

𝑡 ∙ 𝑝c,𝑡 + 𝑠𝑖
𝑡 ∙ 𝑃𝑖

𝑡 ∙ 𝑝s,𝑡                (8)
By the aggregation model of Eqs. (7) and (8), the original optimization objective (Eq. (5)) is decomposed to community 

individual. The two-layer design is adopted to better coordinate the interaction between the community aggregator and individual 
EV users. Specifically, the upper layer represents the community-level aggregator, which determines pricing and incentive signals 
based on overall system. The lower layer represents individual EV users who respond to these signals by adjusting their charging 
and discharging strategies.

This hierarchical structure enhances community-level EV aggregation in two main ways. First, it enables effective coordination 
between system-level objectives and individual user behaviors, allowing the aggregator to guide distributed resources toward a 
desirable collective outcome. Second, it improves scalability and practicality by enabling decentralized decision-making at the 
user level while maintaining overall system efficiency through the aggregator’s coordination. As a result, the two-layer design 
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facilitates the efficient participation of large numbers of EVs in community-level aggregation.

3. AI-enabled EPPG

Rather than relying on a central dispatcher with complete system observation, we propose a new paradigm where each 
individual EV owner independently learns how to engage in energy trading by interacting with others through the distribution 
network, creating an EPPG. In this game, optimization occurs at both the individual and community levels simultaneously: ① 
The EV owner optimizes its trading policy through the P2P interaction; ② the price-making mechanism of the trading price is 
optimized, so that the community welfare can be improved.

3.1. P2P interaction

The P2P mechanism in the EPPG approach replaces global optimization, thereby fully incentivizing each EV owner. For every 
EV owner, the Markov Decision Process (MDP) is used to model their individual behavior as a sequential decision-making 
process. Specifically, the MDP is represented as a 5-tuple (𝒮,𝒫,𝒯,𝒞,𝛾), where 𝒮 denotes the state space, 𝒫 represents the action 
space, 𝒯 is the state transition function, and 𝒞 is the reward with the discount factor 𝛾. Each EV owner i receives local observations 
and makes decisions (such as charging or discharging power) based on their policy 𝜋𝑖:𝒮 × 𝒫→[0, 1]. As all EV owners take 
actions, the market transitions to a new state according to the transition function 𝒯:𝒮 × 𝒫1 × … × 𝒫𝑖 × … × 𝒫𝑛 × 𝒮→[0, 1]. 
Simultaneously, each EV owner receives a distinct reward from the reward function 𝒞:𝒮 × 𝒫1 × … × 𝒫𝑖 × … × 𝒫𝑛→𝐶.

Since each EV owner makes independent decisions, the complex decision-making process is decomposed into a series of 
policies 𝜋1,…,𝜋𝑖,…,𝜋𝑛, facilitating P2P interaction. Guided by the policy 𝜋𝑖, EV owner i observes the external variation 𝑆𝑖

𝑡 ∈ 𝒮, 
then makes a decision 𝑃𝑖

𝑡 ∼ 𝜋𝑖 𝑆𝑖
𝑡  at each time t. This leads to a new private state 𝑆𝑖

𝑡+1 and a reward 𝐶𝑖
𝑡 = 𝒞 𝑆𝑖

𝑡,𝑃1
𝑡 ,…,𝑃𝑖

𝑡,…,𝑃𝑛
𝑡  (as 

shown in Eq. (8)). From an individual perspective, each EV user tries to optimize their own policy to maximize the discounted 
cumulative rewards:
𝐽(𝜋𝑖) = 𝐸𝑃1∼𝜋1,…,𝑃𝑛∼𝜋𝑛

∑𝑡=1,…,∞ 𝛾𝑡𝐶𝑖
𝑡          (9)

where 𝐸 is the expectation symbol in probability theory, 𝛾 ∈ [0,1) is the discount factor set to 0.99, 𝐽( ⋅ ) is the EPPG objective 
function. The optimization is performed using the gradient descent method to train the neural network [26]. More details are 
deferred in Section 3.2.

While EV aggregation helps reduce individual electricity costs, it also introduces a potential risk: EVs may exhibit synchronized 
charging or discharging behavior. These aggregation actions might lead to the formulation of load peaks during low prices. If the 
price rises, there might be a valley caused by all EVs discharging at the same time. To address this issue, the Kullback–Leibler 
divergence [27], also known as relative entropy, is employed to regulate the EV behaviors to incentive the virtual capacity and 
avoid the congestion. In specific, the additional term is incorporated into the individual cost function (Eq. (8)):
𝐶𝑖

𝑡 = 𝑐𝑖
𝑡 ∙ 𝑃𝑖

𝑡 ∙ 𝑝c,𝑡 + 𝑠𝑖
𝑡 ∙ 𝑃𝑖

𝑡 ∙ 𝑝s,𝑡 ―𝛽 ∙ KL 𝜋‖𝜋𝑖 ―1
∙ KL 𝜋‖𝜋𝑖 ―1

           (10)
where KL( ⋅ ) is the Kullback–Leibler divergence measuring the discrepancy between two probability distributions and serves as 
an entropy-based regularization term. The coefficient 𝛽 controls the influence of this regularization on the overall cost function. 
In this context, 𝜋 and 𝜋 are the aggregate policy and extreme policy that we want to avoid, respectively. The former could be the 
average behavior of all EV owners, while the latter is the extreme behavior (e.g., charging/discharging all at once). Specifically, 
the aggregate policy 𝜋 can be measured via a Gaussian distribution (with 𝜇 = 1

𝑁∑𝑁
𝑖=0 𝑃𝑖

𝑡,𝜎 = ∑𝑇
𝑖=1 𝑃𝑖

𝑡 ― 𝜇
2
), encoding all EV 

owners’ behaviors. Maximizing KL 𝜋‖𝜋𝑖  (i.e., minimizing KL 𝜋‖𝜋𝑖 ―1
) helps enlarge the difference among users so that they 

will not perform the same behavior at the same time. On the other hand, the extreme policy 𝜋 can also be formulated as a Gaussian 
distribution (with 𝜇 = 1, 𝜎 = 0.1), representing a specific undesirable individual behavior (e.g., 𝑃𝑖

𝑡 = 1). Hence, maximizing KL
𝜋‖𝜋𝑖  avoids aggressive charging/discharging at a huge rate. These two additional terms incentive every EV owner to take 

diverse and non-extreme behaviors for a smoothly load-balanced grid.

3.2. Decentralized policy optimization

In practical implementation, each EV owner needs to determine an action according to their policy (i.e., a continuous variable 
𝑃𝑖

𝑡 ∼ 𝜋( ⋅ )), to charge or discharge the EV. Given the large number of EVs in a community, the resulting joint action space 
becomes prohibitively large and complex. Therefore, we seek decentralized optimization [28], meaning that each EV owner treats 
the rest of the community as part of the environment and independently optimizes their own policy. In this way, each EV user 
focuses solely on optimizing their own policy according to the objective function in Eq. (9). Specifically, rather than producing a 
deterministic action, each EV owner samples their action from a Gaussian distribution 𝒩(𝜇,𝜎), where the policy network outputs 
the mean 𝜇 and standard variation 𝜎:
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𝜋𝜃 𝑃𝑖
𝑡│𝑆𝑖

𝑡 ∼ 𝒩(𝜇,𝜎) =
1

2π𝜎exp ― 𝑃𝑖
𝑡 𝜇

2

2𝜎2
                   (11)

For implementation, the policy 𝜋𝜃 is implemented using a deep neural network (DNN) parameterized by 𝜃, and the cost of 
following 𝜋𝜃 is 𝐽(𝜋𝜃) measured by Eq. (9). The gradient of function 𝐽( ⋅ ) for the DNN’s parameters θ is calculated and used for 
updating parameters to maximize 𝐽( ⋅ ) via the gradient descent mechanism [26]. In addition, considering the potential divergence 
(e.g., large parameter update) in the optimization, a steady training mechanism is further required. By limiting the update ratio, 
the policy optimization in Ref. [29] guarantees a smooth optimization. The ratio between the policy 𝜋𝜃 after the parameter 
updating and before the updating (denoted by 𝜋𝜃old) is constrained within a certain range 𝜀:

1 ― 𝜀 ≤
𝜋𝜃 𝑃𝑖

𝑡│𝑆𝑖
𝑡

𝜋𝜃old 𝑃𝑖
𝑡│𝑆𝑖

𝑡
≤ 1 + 𝜀                     (12)

With the 𝜀 in Eq. (12), the training progress is regulated avoiding aggressive updating, which is set as 0.2 in this work. 
Summarizing these three parts, the implementation flow of EPPG is shown in Algorithm 1. The DNN architecture adopted in the 
proposed EPPG framework is depicted in Fig. 1.

Algorithm 1. EPPG mechanism with DP-making.

Input: POP_SIZE: population size, MAX_GEN: maximum number of generations, EPOCH_SIZE: number of EPPG model 
training epochs, N: number of timesteps to run for EPPG in one epoch

1:
Generate initial price population 𝑃(0) = {(𝑝c,𝑡,𝑝s,𝑡)0…(𝑝c,𝑡,𝑝s,𝑡)𝑚} according to POP_SIZE

2:
Initializing EPPG model with policy parameters 𝜃

3:
Set generation counter 𝑔←0

4:
while 𝑔 ≤  MAX_GEN do

5:
      # Each market trading price in the population is evaluated to find the best price

6:
      for {𝑝c,𝑡,𝑝s,𝑡}𝑚 in 𝑃(𝑔) do

7:
               # DRL optimization phase for the EV behaviors

8:
              for epoch_cnt = 0, ..., EPOCH_SIZE do

9:
                    Execute policy 𝜋𝜃old  for 𝑁 timesteps

10:
                    Collecting 𝐶0,…,𝑁 under the market trading price {𝑝c,𝑡,𝑝s,𝑡}𝑚 according to Eq. (8)

11:
                    Computing 𝐽(𝜋𝜃old) according to Eq. (9)

12:
                    Estimate gradient ∇𝜃𝐽(𝜋𝜃old) and update 𝜃 via gradient decent

13:
                    Update 𝜃old←𝜃

14:
              end for

15:
      end for

16:
      # Genetic algorithm (GA) optimization phase for the market trading price

17:
      Evaluate fitness value of each {𝑝c,𝑡,𝑝s,𝑡} in 𝑃(𝑔) based on 𝐶0,…,𝑁 (in line 10)

18:
      Obtain 𝑃′(𝑔) via selecting elite candidates from 𝑃(𝑔)

19:
      Create new populations 𝑃new using genetic operators from 𝑃′(𝑔)
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20:
      Set next generation 𝑃(𝑔 + 1)←𝑃new

21:
      Increment generation counter 𝑔←𝑔 +  1

22:
end while

Fig. 1. DNN architecture in the proposed EPPG. Tanh: hyperbolic tangent; V(s): value network output for the state s.

3.3. Price-making scheme for P2P transactions

Following Ref. [30] setting, each EV owner in the community can interact with the power system according to individual 
electricity demand. However, to reduce the peak demand on the distribution electricity system as well as minimize the cost, EV 
owners are willing to trade within local community. To facilitate this, we propose an effective pricing mechanism that enhances 
intra-community energy exchange, where dynamic trading prices (i.e., {𝑝c,𝑡, 𝑝s,𝑡}) defined in Eq. (7) are given as coordination 
signals to manage transactions. In specific, we optimize the trading prices (i.e., consumption price 𝑝c,𝑡 and selling price 𝑝s,𝑡 in the 
community market), and EV owners’ behavior respectively using a two-level optimization approach. The genetic algorithm (GA) 
is employed for the DP optimization (i.e., optimizing 𝑝c,𝑡 and 𝑝s,𝑡), while the DRL algorithm is used to optimize the behaviors of 
the community in response to the price given by the GA (lines 8–14). The GA algorithm then receives the optimization results of 
the DRL optimization as the guidance for the next step of optimization (lines 17–21).

Algorithm 1 presents the pseudo-code of proposed EPPG mechanism incorporating DP-making. As a two-level approach, the 
GA provides the trading prices {𝑝c,𝑡,𝑝s,𝑡}𝑚 as the signal to the community for EV owner’s behavior optimization (line 6). Given 
the prices, the DRL algorithm is responsible for optimizing the EV owner’s behavior to minimize individual operational costs 
(lines 8–13). After the optimization, the aggregated cost of the whole community (e.g., the average cost across all EV owners) is 
marked as the fitness value for the corresponding market price {𝑝c,𝑡,𝑝s,𝑡}𝑚 during the next step GA optimization. Specifically, as 
shown in line 1, the GA algorithm begins by randomly generating an initial population of candidate solutions for {𝑝c,𝑡, 𝑝s,𝑡}, 
based on the given population size. The trading price is encoded as a fixed-length sequence of binary digits (e.g., 01001100). For 
each generation g, we initialize and train the DRL model based on each trading price from the generation P(g) (decoded to 
decimals), letting it learn optimal solutions under these prices (line 8–13). After the DRL, we measure the cost of the trained DRL 
model and mark it as the fitness value of each solution (i.e., market trading price; line 17). In this way, the GA algorithm can 
select good solutions (according to their fitness value) to construct a new generation of the population to perform continuous 
optimization. The selection is conducted based on the cost of each solution. The lower the cost is, the more likely to be chosen 
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(line 18). Given the selected population, the GA algorithm conducts crossover and mutation operators to generate a new population 
with potential better solutions (line 19). Finally, the current population is replaced by the new population (line 20), and the process 
repeats for the next generation. To summarize, the algorithm alternates between DRL-based behavior optimization and GA-based 
price optimization, allowing the system to co-evolve both the EV owners’ decision policies and the market trading prices toward 
an efficient equilibrium.

4. Case studies

In line with the inherently distributed nature of EVs, our market-incentivized aggregation model and EPPG strategy are 
validated on a distribution electricity system using real-world data. The experimental setup for the vehicle-grid system is first 
described, followed by an analysis of the proposed strategy’s merits across five key dimensions: probabilistic optimization 
advantage, price-making advantage, EV behavior dynamics, scalability with increasing EV volume, and EV aggregation capacity.

4.1. Experimental system

Environment settings. Based on the market described in Section 2.1, we utilize real distribution electricity data to formulate 
the experimental environment. The electricity prices can be referred to the TOU price signals [31], and for simplicity, the TOU 
prices are set as the external purchase prices 𝑝𝑜𝑏. The original time-of-use (TOU) prices are multiplied by 30% formulating the 
external selling price 𝑝os for the local community.

The original power consumption demand data is sourced from Ref. [32], which contains 200 households in the midwest region 
of the United States. For configurations of residential batteries and EVs, the same settings are utilized as in Ref. [31]. According 
to Ref. [33], the daily driving distances obey a gamma distribution with the shape at 1.6 and the scale at 20. The renewable solar 
data of Building 8167 in 2013 [34] is adapted to mimic photovoltaic (PV) fluctuation. For consumers within the community, it is 
assumed that each household owns one EV, which typically departs at 7:00 and returns home at 18:00, serving as a representative 
case. The impacts of varying departure and arrival times are also examined. To ensure sufficient energy for daily commuting, the 
EV’s SOC is required to reach at least 90% prior to departure.

Comparison. To demonstrate our strategy advantages, three different algorithms are employed for the juxtaposition.
Rule-based method. One comparison method is a rule-based algorithm to decide when to buy and sell power. This method 

was proposed in Ref. [35], which charges the EV once it arrives home and sells energies if the generation exceeds the demand. 
This method serves as a worst-case benchmark, as it may result in high operational costs during electricity price peaks.

Actor-critic (A2C). We take the augmented A2C method from Ref. [30] as another comparison method.
EPPG. This is our proposed market-incentivized algorithm, which uses decentralized policy optimization. EPPG allows for 

dynamic adaptation of EV behavior based on market incentives, aiming to minimize costs and balance grid loads.
In contrast to the existing two approaches, the developed EPPG allows the autonomous decision-making by each EV owner, 

fully exploring the optimization space. In our AI-enabled EPPG, each EV owner is equipped with individual policy and value 
networks. Both networks consist of two fully connected layers with 64 neurons each. The policy network’s output layer 
parameterizes a Gaussian distribution, producing the mean and standard deviation for continuous action sampling. Actions are 
then drawn stochastically from these distributions. The learning rates for the policy and value networks are initially set to 0.0003 
and are linearly decayed throughout the training process. The Adam optimizer [36] is used for optimization. All models are 
developed using PyTorch and NVIDIA GPU server.

4.2. Probabilistic optimization advantage

As the proposed EPPG consists of a price-making strategy, P2P game, and probabilistic optimization simultaneously, to begin 
with, we validate the benefit of probabilistic optimization. We adopt the rule-based strategy and A2C as the policy learning 
algorithms for each EV-owned family. Since EV-owned families can be viewed as homogeneous agents, we consider the paradigm 
of sharing parameters across all agents. The first four weeks’ data are used for the training and the remaining data are employed 
for testing. Each algorithm undergoes 100 training episodes, with each episode containing 28 (days) × 24 (hours) interactions.

Implementing different algorithms, Fig. 2 shows the community’s cost and daily load on the evaluation data. The black lines 
in the bar chart represent the range of peak load volatility. The rule-based algorithm shows the poorest performance on the 
operation cost since it charges EVs and sells all extra power once possible while ignoring the price signal and the battery storage. 
As a result, the peak demand is quite steady without great change at the expense of operation costs, which verifies the congestion 
management necessity from Kullback–Leibler divergence. EPPG outperforms the other two algorithms. EPPG algorithm can 
learn near-optimal operations reducing costs while maintaining a relatively balanced peak demand. Specifically, under the same 
price condition, EPPG can achieve a 17% cost reduction than that of A2C, which means that EV owners make near-optimal 
decisions (buying at a low price and selling at a high price). The superior performance of EPPG arises from its decentralized 
policy optimization, which efficiently explores the continuous action space at the individual level, combined with a price-making 
scheme that responds dynamically to market prices.
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Fig. 3 illustrates the average peak demand throughout one day for these three algorithms. Both EPPG and A2C can charge the 
EV during the low-price period of 0:00–7:00. Additionally, EPPG can sell less surplus power from 18:00 to 20:00 to avoid 
purchasing during the high-price period (21:00 to 23:00), meaning that EPPG can grasp near-optimal buying and selling strategy.

From training curves in Fig. 4, EPPG also presents faster convergence and better performance in both demand management 
and cost reduction, making it more effective for adapting to new price conditions. Therefore, probabilistic optimization plays a 
crucial role in enhancing the performance of EPPG.

Fig. 2. Comparisons of average cost and peak demand per user among three algorithms under default settings. The vertical black line indicates the 
standard deviation. W\ DP: with dynamic pricing.

Fig. 3. Average peak demand comparisons throughout one day.

Fig. 4. Different algorithms regarding cost and demand comparisons. W\O: without.

4.3. Price-making advantage

In addition to the probabilistic optimization, the price-making strategy in EPPG is also a crucial component to further reduce 
the community cost by encouraging the establishment of a local market.

We first conduct experiments to validate the DP-making strategy under default settings. To accelerate the training process, the 
original prices are taken as the initial seed and 20 populations are utilized to populate 50 generations seeking the best price. For 
each generation, the algorithms are tuned for another 5 epochs to fit with new prices.
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Fig. 5 illustrates the DP generated by the price-making strategy. During the period 0:00  –7:00, people fall asleep and the 
power consumption is quite low except for EVs. In this period, the price-making strategy slightly declines the buying price to 
stimulate the community to purchase more power at cheaper prices for EV and battery charging. This encourages the community 
to purchase more power at a lower cost for EV and battery charging, helping avoid peak demand during the daytime. In addition, 
the selling price is lowered at noon to encourage households to conserve and use power generated by the PV system. At around 
18 o’clock, when EVs reach home, the selling price increases to facilitate the trading of surplus power stored during the day. 
Subsequently, the selling price decreases and the buying price increases, helping reduce energy demand.

As shown in Fig. 6, algorithms with DP-making strategy outperform those without it. Especially, for EPPG, it experiences a 
19.04% reduction in cost with an increase of around 1% in the daily peak demand. In contrast, the reduction from A2C is only 
8.14% and rule-based method is 3.17% in the cost. The results show that the proposed EPPG algorithm with probabilistic 
optimization and price making achieves a great reduction in the cost while maintaining the load level, which motivates the local 
market without disrupting the electricity system.

Fig. 5. Average DPs in one day.

Fig. 6. Comparisons of average cost and peak demand per EV-owner among algorithms with/without DP under default settings.

4.4. EV behavior dynamics

In the previous setting, the departure and arrival times of EVs are fixed at 7:00 and 18:00, respectively, leading to a relatively 
static environment. In this section, we test the EPPG algorithm in a more dynamic environment with three scenarios involving 
varying EV departure and arrival times.

Departure time dynamics. In this scenario, the EV departure times are randomized between 6:00, 7:00, and 8:00, representing 
typical times people leave for work. Since EV SOCs need to reach at least 90%, the dynamic departure poses a challenge affecting 
cost and peak value.

Arrival time dynamics. The arrival time of the EVs varies between 17:00, 18:00, and 19:00, simulating the different times 
people return home from work. The variability in arrival time, along with the availability of solar energy, influences the virtual 
energy storage capacity in the community, further affecting the energy demand profile.

Dynamic EV departure and arrival time. This scenario combines both the dynamic departure and arrival times, allowing for 
a fully dynamic environment where both departure and arrival times change. This more complex scenario challenges the EPPG 
algorithm to handle multiple uncertainties simultaneously, better reflecting real-world conditions.

On account of these three scenarios, Table 1 shows the performance of cost and peak demand inside the community market. 
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Across all these settings, the results display similar trends: the DP leads to a reduction in the total operational cost. Compared to 
the scenario without dynamic pricing, EPPG achieves an average 28.18% reduction in the operation cost. On peak demand, EPPG 
has a slightly larger average peak demand (0.71%), which is reasonable since price dynamics pose more challenges to satisfy both 
travel requirements and expense reductions.

Due to the varying EV leaving time and low price, the community market is motivated to purchase more power before 8:00 
and purchase less during the remaining time. In Fig. 7, EPPG tends to purchase as much power as possible to satisfy EV variations 
since the price is very low before 7:00 (as shown in Fig. 5). Besides, EPPG reduces energy purchases at 9:00, 17:00, and 21:00 
when the buying price is very high and selectively sells energy from 18:00 to 20:00 for profits.

Additionally, since EVs leave and arrive at different times, EV SOC variations are analyzed. Fig. 8 shows the behaviors of EVs 
leaving at 7:00, 8:00, and 9:00. As shown in the figure, the charging speed after 7:00 decreases significantly, indicating that the 
EVs tend to reach their desired SOC before 8:00, as the buying price after 7:00 is much higher. Upon returning home, EVs 
discharge power to meet demand since the energy was purchased during the low-price period. This dynamic scheduling approach 
ensures that both cost and peak demand remain within acceptable levels while adapting to the real-world behavior of EV users.

Table 1
Performance comparisons in cost and load regarding all EV behaviors.

Demand (kW)Dynamic departure Dynamic arrival Algorithm Total cost (USD)

Mean Standard

Rule-based method W\O DP 262 637.07 877.75 52.76

A2C W\O DP 96 030.53 1055.59 72.01

EPPG W\O DP 93 915.36 918.06 63.54

Rule-based method W\DP 255 552.07 877.75 52.76

A2C W\DP 83 699.71 1000.18 66.15

Yes
No

EPPG W\DP 63 508.46 995.43 71.68

Rule-based method W\O DP 262 464.61 912.69 50.53

A2C W\O DP 98 571.61 1031.66 63.78 

EPPG W\O DP 94 006.12 947.05 58.90

Rule-based method W\DP 255 110.52 912.69 50.53

A2C W\DP 72 147.38 1015.17 56.03

No
Yes

EPPG W\DP 70 224.85 953.25 58.93

Rule-based method W\O DP 263 242.19 865.26 46.94

A2C W\O DP 98 502.30 1021.68 68.08

EPPG W\O DP 94 374.62 890.76 48.01

Rule-based method W\DP 257 591.66 865.26 46.94

A2C W\DP 81 799.49 1086.41 67.37

Yes
Yes

EPPG W\DP 67 780.19 897.08 51.60
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Fig. 7. Average hourly peak demand with dynamic departure and arrival time while the community size is 200.

4.5. EV volume scalability with fixed departure and arrival time

The scalability of EV numbers is also investigated under the developed EPPG strategy with fixed EV departure and arrival 
times. To fulfill this target, the original EV scale is increased to 400 and 800 for the performance analysis. We compare the 
performance on load and cost under the consumer sizes of 200, 400, and 800. To get the base power consumption data for larger 
community, we randomly sample the power consumption data from Ref. [32] to get the configuration of additional community 
residences.

Fig. 8. EV SOC statuses before departure and after arrival: EVs leave at (a) 7:00, (b) 8:00, and (c) 9:00; EVs arrive at (d) 17:00, (e) 18:00, and (f) 19:00.

Given the varying community sizes, we compare the daily average cost and load per customer, as shown in Fig. 9. All algorithms 
that incorporate DP-making consistently outperform those with fixed pricing strategies in terms of cost reduction, while only 
slightly impacting the average peak demand. Additionally, compared to EPPG without DP-making, the EPPG method with DP-
making achieves up to 28.31% reduction in cost and 7.39% reduction in peak demand. This suggests that the EV aggregation 
capability could account for 7.39% of the entire community’s demand. These results demonstrate that our EPPG strategy with 
DP-making is well-suited for managing medium-to-large communities with varying EV volumes.
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Fig. 9. EV scalability performance (community size are 200, 400, and 800 with fixed EV departure and arrival time): (a) daily average cost per user; 
(b) daily average demand per user.

4.6. EV aggregation capacity with dynamic departure and arrival time

In this final step, we conduct experiments to evaluate the dynamic EV aggregation capacity, which reflects real-world scenarios. 
The settings from Sections 4.4 and 4.5 are combined, involving both dynamic departure and arrival times, as well as varying 
community sizes (200, 400, and 800). The performance of each user is compared in terms of cost and demand.

As shown in Fig. 10, our price-making strategy achieves an average 28.19% reduction in cost and a 10.4% decrease in average 
daily demand. Extra 10.4% community capacity is introduced by the EPPG strategy to improve community flexibility. The results 
demonstrate that the EPPG mechanism effectively handles dynamic community sizes, expanding the regulation capacity and 
providing greater adaptability in managing energy consumption.
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Fig. 10. EV aggregation capacity under dynamic EV behaviors and sizes: (a) daily average cost per user; (b) daily average demand per user.

4.7. Robustness analysis under electricity price and SOC uncertainty

The EPPG strategy is further validated under various electricity price conditions. Table 2 demonstrates the robustness of EPPG 
across four scenarios: baseline price, mild fluctuation (±20% Gaussian distribution), strong fluctuation (±30% uniform 
distribution), and step fluctuation (+30%/−15%).

The results show that the proposed EPPG mechanism with DP-making can adapt to electricity price variations by adjusting the 
buying and selling prices within the community. Under the mild fluctuation and step fluctuation scenarios, the strategy effectively 
captures price variation patterns and optimizes trading timing, resulting in cost reductions of 1.43% and 2.90%, respectively, 
compared with the baseline.

In addition, the daily average peak demand across all fluctuation scenarios (903.32–955.73 kW) remains lower than the baseline 
value (1026.61 kW). No abnormal peak load amplification is observed, demonstrating that the proposed approach can still 
effectively achieve peak shaving and valley filling while maintaining stable grid operation.

An additional experiment was conducted by adjusting the lower SOC bound from 0 to 10%, while keeping all other parameters 
unchanged. The results presented in Table 3 indicate that increasing the SOC lower bound reduces the flexibility of EV energy 
scheduling, resulting in a higher total community cost. Nevertheless, the proposed method can still effectively control the daily 
peak load, demonstrating the robustness and adaptability of the proposed EPPG strategy under different SOC constraints.

Table 2
Impact of external electricity price fluctuations.

Electricity price scenario Total cost (USD) Total cost variation (%)
Daily average peak demand (kW)

Baseline price
55 188.01 0

1026.61
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Mild fluctuation (±20%, Gaussian)
54 398.31 −1.43

954.03

Strong fluctuation (±30%, Uniform)
59 907.72 +8.55

903.32

Step fluctuation (+30%/−15%)
53 587.83 −2.90

955.73

Table 3
Impact of SOC lower bound on community cost and daily peak load.

SOC lower bound Total cost (USD)
Daily average peak demand (kW)

0 (original)
55 188.01 1026.61

10% (adjusted)
80 978.99

1007.65

4.8. Comparative analysis of optimization algorithms

The design of the crossover and mutation operations in GA follows standard GA operators. The corresponding probabilities 
were determined through empirical parameter tuning based on preliminary experiments to ensure stable convergence and 
satisfactory optimization performance.

To further validate the effectiveness of the proposed method, an additional comparative experiment is conducted using Particle 
Swarm Optimization (PSO). The results are summarized in Table 4. Both algorithms converge within the same number of 
iterations (10 iterations). However, the proposed GA achieves a lower total community cost of 55 188.01 USD, compared with 
59 281.69 USD obtained by PSO, corresponding to a 7.4% reduction in cost. In addition, GA demonstrates higher computational 
efficiency. The optimization time of GA is 0.65 h, while PSO requires 3.16 h, indicating that GA is approximately 4.9 times faster 
than PSO under the same experimental settings.

These results further confirm that the GA-based optimization strategy adopted in EPPG is both economically advantageous and 
computationally efficient, making it well suited for dynamic pricing optimization in community energy management scenarios.

Table 4
Comparison of optimization algorithms for EPPG.

Item GA (in our EPPG) PSO Difference (%)

Total cost (USD)
55 188.01 59 281.69 7.4

Convergence iterations
10 10 —

Optimization time (h)
0.65 3.16 386

4.9. Sensitivity analysis of the penalty coefficient

To systematically evaluate its influence on the optimization performance, a sensitivity analysis is conducted by varying 𝛽 from 
0 to 2.0. The corresponding results are presented in Table 5.

When 𝛽 = 0, the KL regularization term is not applied. Although the total community cost reaches the lowest value (50 478.15 
USD) under this setting, the aggregate EV behavior variance becomes the highest (0.0672), indicating a significantly increased 
risk of synchronized charging and discharging among EV users, which may negatively affect grid stability.

When 𝛽 = 1.0 (the setting used in the manuscript), the proposed model achieves an effective trade-off between economic 
efficiency and behavioral stability. In particular, the EV behavior variance reaches its minimum value (0.0476), indicating the 
lowest synchronization risk, while the total community cost remains within a reasonable and competitive range.

For larger penalty coefficients 𝛽 > 1.0 (e.g., 𝛽 = 2.0), stronger penalization slightly reduces behavioral variance improvement 
while increasing the overall community cost, suggesting diminishing returns from excessive penalization.

Overall, the sensitivity analysis demonstrates that 𝛽 = 1.0 provides a well-balanced compromise between cost efficiency and 
behavioral diversity, thereby validating the rationality of the parameter configuration adopted in the proposed EPPG framework.

Table 5
Sensitivity analysis of the penalty coefficient 𝛽 on community cost and EV behavior variance.

𝛽 value Total cost (USD) Aggregate EV behavior variance Cost change vs β = 1.0 (%) Variance change vs β = 1.0 (%)

0.0
50 478.15 0.0672 −8.5 41.2

0.1
58 837.48 0.0644 6.6 35.3
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0.2
51 226.58 0.0663 −7.2 39.2

0.5
58 036.44 0.0573 5.2 20.4

1.0 (ours)
55 188.01 0.0476 0 0

2.0
50 046.51 0.0526 −9.3 10.5

4.10. Fairness analysis of the penalty coefficient

To further analyze the distribution of individual user costs, a comparison is conducted between our EPPG and A2C algorithm. 
As shown in Table 6, the average net cost per user under the proposed EPPG method is 275.94 USD, which is 32.5% lower than 
that of A2C (408.99 USD), indicating improved economic performance. At the same time, the standard deviation of user costs 
under EPPG (434.53 USD) is comparable to that of A2C (429.17 USD), and the Gini coefficient of the cost distribution remains 
at a similar level (0.1945 vs 0.1902).

These results suggest that the proposed EPPG framework achieves significant overall cost reduction while maintaining a similar 
level of fairness in the distribution of user costs. Therefore, the optimization process improves system-level economic efficiency 
without introducing additional inequality among users.

Table 6
Comparison of user-level cost distribution and fairness between EPPG and A2C.

Algorithm Average net cost per user (USD) Standard deviation of user cost (USD)
Cost Gini coefficient

EPPG (ours)
275.94 434.53 0.1945

A2C
408.99 429.17 0.1902

4.11. Computational efficiency of the proposed EPPG

The training time of the optimization process and the inference time required for deployment on an RTX 3090 GPU are reported. 
As shown in Table 7, the proposed framework can be trained within a reasonable time and achieves millisecond-level inference 
during deployment, demonstrating its practicality and computational efficiency for real-world applications.

Table 7
Computational efficiency of the proposed AI-enabled EPPG approach.

Efficiency metric
Value

Training time
1.69 h

Per-step inference time for 200 users
34 ms

5. Conclusions and future work

In this work, a market-incentivized aggregation framework is proposed for the local community formulation of EV end-users. 
To determine the price and response within the aggregation market, an AI-enabled evolutionary P2P game is developed, consisting 
of three key modules: the price-making scheme, P2P interaction, and probabilistic optimization. Through the combination of the 
aggregation model and EPPG, significant demand smoothing and cost reduction are achieved simultaneously. This approach not 
only enhances the aggregation capacity within the EV community but also alleviates the burden on grid infrastructure.

As the next step, the proposed strategy will be extended to explicitly account for the grid’s role in local energy markets by 
quantitatively evaluating both its benefits and operational constraints. A comprehensive modeling framework will be developed 
to incorporate grid services such as voltage regulation and congestion management at the distribution level. Physical constraints, 
including feeder capacity limits and grid stability margins, will be embedded into the AI-enabled EPPG framework to ensure 
practical and secure operations. Furthermore, market participation rules and grid code compliance will be integrated to evaluate 
the feasibility and enhance the readiness of EV flexibility deployment. Given the universal and modular design of the aggregation 
model, the EPPG framework can be readily adapted to diverse future scenarios with varying objectives and operational conditions.
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