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ARTICLE INFO ABSTRACT

Keywords: The rapid development of Vehicle-to-Grid technology has played a crucial role in peak shaving and power
Vehicle-to-grid scheduling within the power grid. However, with the random integration of a large number of electric
Reinforcement learning vehicles into the grid, the uncertainty and complexity of the system have significantly increased, posing

Electric vehicle charging
Scheduling optimization
Markov decision process

substantial challenges to traditional algorithms. Reinforcement learning has shown great potential in addressing
these high-dimensional dynamic scheduling optimization problems. However, there is currently a lack of
comprehensive analysis and systematic understanding of reinforcement learning applications in Vehicle-to-
Grid, which limits the further development of this technology in the Vehicle-to-Grid domain. To this end, this
review systematically analyzes the application of reinforcement learning in Vehicle-to-Grid from the perspective
of different stakeholders, including the power grid, aggregators, and electric vehicle users, and clarifies the
effectiveness and mechanisms of reinforcement learning in addressing the uncertainty in power scheduling.
Based on a comprehensive review of the development trajectory of reinforcement learning in Vehicle-to-Grid
applications, this paper proposes a structured framework for method classification and application analysis. It
also highlights the major challenges currently faced by reinforcement learning in the Vehicle-to-Grid domain
and provides targeted directions for future research. Through this systematic review of reinforcement learning
applications in Vehicle-to-Grid, the paper aims to provide relevant references for subsequent studies.

1. Introduction the operational efficiency of the power system, but also enhances the

flexibility and reliability of the grid, providing potential economic

As the Fourth Industrial Revolution progresses, emerging technolo- benefits to drivers, and effectively promoting the development of a
gies can help accelerate the energy transition, ensuring fair access to clean, economical, and sustainable energy system [14-16].

sustainable energy for everyone [1]. For example, using models to
predict future power consumption [2,3], utilizing modern technology
to achieve a balance between economic development and environmen-
tal protection [4-6], and enhancing the security of modern energy
usage and distribution [7,8]. In energy management, with the prolif-
eration of electric vehicles (EVs) and the rapid development of smart
grids, Vehicle-to-Grid (V2G) technology is increasingly demonstrating
its significant potential and value as an innovative energy management
model [9-11]. V2G technology allows EVs users to charge from the
grid at lower prices during off-peak hours, and during periods of
high electricity demand, EVs can sell surplus stored idle electricity
back to the grid at a higher price [12,13]. This bidirectional flow of
electricity not only achieves peak shaving and valley filling, optimizing

1.1. Problems with growing V2G uncertainty and complexity

As user acceptance of V2G technology increases and policy incen-
tives drive its adoption, V2G is rapidly developing while also facing
a series of challenges brought about by the increasing complexity
of the system [17-20]. As a large number of electric vehicles are
randomly integrated into the grid, it will undoubtedly introduce nu-
merous uncertainties across various aspects of the grid. Therefore,
effectively managing the grid load fluctuations caused by the discharge
of electric vehicles, optimizing the planning and layout of charging
stations, and controlling costs have become critical issues that need
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Fig. 1. Schematic of V2G with reinforcement learning.

to be addressed [21,22]. Secondly, an important task is to efficiently
schedule a large number of electric vehicles for charging and discharg-
ing during peak and off-peak hours [23]. In addition, it is necessary
to establish optimal charging strategies to extend the service life of
batteries [24]. Lastly, ensuring the safety and stability of the entire
charging network is equally crucial. The optimization of these issues
is imperative, otherwise, it may severely hinder the development and
application of V2G technology.

1.2. Why reinforcement learning for V2G?

Reinforcement Learning (RL), as a cutting-edge optimization
decision-making technology, possesses significant advantages over tra-
ditional optimization methods. Traditional optimization techniques
often rely on preset models and fixed rules, which exhibit obvious lim-
itations when dealing with complex and dynamic environments. They
struggle to adapt flexibly to environmental changes and unforeseen
events. In contrast, RL mimics the human learning process by contin-
uously interacting with the environment through agents. It improves
decision-making strategies iteratively through trial-and-error and feed-
back loops, enabling adaptation to ever-changing environments [25-
27].

The application of RL in V2G systems is particularly noteworthy.
As shown in Fig. 1, RL can flexibly adjust charging and discharging
strategies based on variable factors such as grid load, electricity price
fluctuations, and the battery status of electric vehicles, ensuring effi-
cient system operation [28,29]. In contrast, traditional methods require
extensive presets and manual intervention when dealing with these
variables, making it challenging to achieve automation and efficient
optimization [30]. As the volume of data increases, it becomes impera-
tive to incorporate other relevant data to improve the efficiency of V2G
applications.

Moreover, RL continuously learns and optimizes its strategies
through sustained interaction with the environment, effectively han-
dling grid disturbances and other unexpected events [31]. This enables
the system to maintain high adaptability and ensures robustness and
stability when facing unknown or random events [32]. Traditional
methods fall short in this regard, struggling to handle complex and
volatile real-world environments flexibly.

Therefore, RL not only theoretically holds significant advantages but
also demonstrates outstanding effectiveness in practical applications.
It can efficiently meet the optimization and scheduling needs of V2G
systems, providing strong support for the stable operation of the power
grid and the energy management of electric vehicles.

1.3. Differences with existing reviews

Here we first compared this review with existing reviews on V2G
technology [17,29,33-41], as shown in Table 1. Through this compar-
ison, we found that there is currently a lack of comprehensive analysis
on the application of reinforcement learning in V2G optimization and
scheduling. Furthermore, in the more mature G2V field, we compared
previous research reviews, which mainly focus on the exploration and
application of reinforcement learning techniques in electric vehicle
charging scheduling [42-47]. These reviews provide an in-depth in-
vestigation of the critical role of reinforcement learning in advancing
electric vehicle charging optimization technologies and offer valuable
insights for future research. However, these reviews generally do not
address discharge scheduling technologies, and there is still a lack of
systematic investigation into the application of reinforcement learning
in the V2G field. To the best of our knowledge, our review is the
first to concentrate on discussing and summarizing the application
of reinforcement learning in the V2G field, clearly elucidating the
effectiveness of reinforcement learning in V2G systems and its positive
impact on promoting the development of V2G technology.
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Table 1

Comparison of existing review literature. The size of the orange area in the circle
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represents the relevance of the review topic to optimization scheduling.

Year Review

Title

Main focus

Scheduling
optimization
theme

RL algorithm

2020 |BK Sovacool, et al. [33]

Actors, business models, and innovation
activity systems for vehicle-to-grid (V2G)
technology: A comprehensive review

Investigating the stakeholders and business models for
promoting V2G technology in decarbonizing European
passenger transport.

2021 B Bibak, et al. [34]

A comprehensive analysis of Vehicle to Grid
(V2G) systems and scholarly literature on
the application of such systems

Providing a comprehensive review of the integration of
electric vehicles and renewable energy in smart grids
through V2G systems.

2022 M inci, et al. [35]

Integrating electric vehicles as virtual
power plants: A comprehensive review on
vehicle-to-grid (V2G) concepts, interface
topologies, marketing and future prospects

Investigating the process of integrating electric vehicles
into virtual power plants through V2G technology,
discussing system configuration, interface topology, and
market potential.

2022 | B Viswanath, et al. [36]

Vehicle-to-Grid (V2G) Optimization for Grid
Peak Demand Reduction and Decarboniza-
tion: A State-of-the-Art Review

Reviewing the current research progress on V2G op-
timization technologies, and discussing its impact on
reducing peak power demand and promoting environmen-
tal sustainability.

S Panchanathan, et al.
2023 37]

A Comprehensive Review of the Bidirec-
tional Converter Topologies for the Vehicle-
to-Grid System

Investigating the bidirectional converter topologies and
charging systems for V2G technology, aiming to facilitate
active power transfer between electric vehicles and the
power grid.

2023 G Vishnu, et al. [38]

Review of Challenges and Opportunities in
the Integration of Electric Vehicles to the
Grid

Reviewing the benefits and challenges of EV-power grid
integration through V2G technology, focusing on its po-
tential to revolutionize both the transportation and electric
power sectors.

2023 Qiu Dawei, et al. [29]

Reinforcement Iearning for electric vehicle
applications in power systems: A critical
review

Reviewed a Iarge number of potential power applications
under power systems, extensively discussing the applica-
tions of reinforcement learning in power management.

N Uribe-Pérez, et al.
[39]

Communications and Data Science for the
Success of Vehicle-to-Grid Technologies:
Current State and Future Trends

Comprehensively reviewing the V2G system, with a focus
on the role of communication technologies and the
challenges faced, to guide future research and formulate
policies.

M Wan, et al. [17]

Feasibility and Challenges for Vehicle-to-
Grid in Electricity Market: A Review

Discussing the business models related to V2G technology
and assess their feasibility and challenges in the electric-
ity market.

A Goncearuc, et al.

[40]

The barriers to widespread adoption of
vehicle-to-grid: A comprehensive review

Analyzing barriers to the adoption of V2G technology,
aiming to understand their relative importance and facili-
tate stakeholder efforts towards its widespread adoption.

G Chen, et al. [41]

Control Strategies, Economic Benefits, and
Challenges of Vehicle-to-Grid Applications:
Recent Trends Research

Exploring recent trends in research on control strategies
for V2G applications, assessing their economic benefits,
and discussing the challenges associated with their imple-
mentation.

Ours

Reinforcement learning for vehicle-to-grid
(V2G): A review

Systematically investigating the application trajectory of
reinforcement learning algorithms in the field of V2G
scheduling optimization, the latest research findings, the
technical challenges faced, and the future development
trends, aims to point the direction for subsequent research
and provide practical references.

0O 0000 000 0 0 0 9w

Unrelated Partially related

1.4. Our contributions

Related

2. Basic of V2G

The purpose of this review is to fill the gap in the literature anal-
ysis of reinforcement learning in the V2G field. As shown in Fig. 2,
this review provides a comprehensive organization, classification, and
functional elaboration of reinforcement learning technology, focusing
on the research and practical application of reinforcement learning
in various V2G optimization tasks. It summarizes the core issues and
challenges currently encountered by reinforcement learning in V2G ap-
plications and proposes potential key areas for future research. Overall,
the main contributions of this review can be summarized as follows:

+ To the best of our knowledge, this review is the first systematic re-
view and summary of the application of reinforcement learning in
the V2G field, providing a holistic perspective for both academia
and industry. It reveals the potential and application prospects of
reinforcement learning technology in V2G systems.

This review systematically analyzes the application effects of re-
inforcement learning methods on various important optimization
tasks in V2G from multiple dimensions. It clearly identifies the
effectiveness of reinforcement learning in optimizing V2G and its
role in promoting the advancement of V2G technology.

This review delves into the core challenges faced by current
reinforcement learning methods in the application of the V2G
field. It systematically sorts out these key issues and, based on
the cutting edge of current research, prospectively puts forward
a series of methodologies worth further exploration and study.
These strategies aim at overcoming current technological bottle-
necks and provide valuable insights and directions for the future
optimization of V2G systems and the development of smart grids.

2.1. Overview of V2G

The emergence of V2G technology is aimed at addressing two core
challenges in the energy sector: enhancing the stability of the power
grid and improving the utilization efficiency of electric vehicle energy
storage resources. As electric vehicles become increasingly popular,
the high-capacity battery packs they are equipped with are gradually
turning into potential distributed energy storage units. V2G technology
is the key to unlocking this potential.

Compared to the G2V (Grid-to-Vehicle) model, V2G technology
enables electric vehicles to supply power back to the grid, establishing
a two-way energy exchange between electric vehicles and the power
grid [68]. With V2G technology, during peak hours of grid demand,
electric vehicle owners can sell the electricity stored in their idle
batteries back to the grid at a higher price while still ensuring their
daily mobility needs. Conversely, during off-peak hours, owners can
charge their vehicles at a lower cost from the grid, thus generating
economic benefits [69]. This bidirectional interaction model not only
reduces the purchase and usage costs of electric vehicles but also
assists the grid in achieving “peak shaving and valley filling”, providing
effective support for the optimization of the global energy structure and
sustainable development.

2.2. Benefits of V2G

The main benefits of V2G include the following points:

+ For the power grid, V2G technology effectively helps to balance
supply and demand, significantly improving the stability and
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Fig. 2. Overview of the framework in this review [48-67].

flexibility of power supply, and enhancing the overall operation
efficiency of the grid.

For vehicle owners, the application of V2G technology allows
them to sell electricity back to the grid during peak demand
periods, thus opening up a new channel for earning additional
income through electricity sales.

For charging station aggregators, V2G technology greatly en-
hances the resource utilization efficiency of charging stations,
which will undoubtedly vigorously promote the market develop-
ment of charging infrastructure.

For society as a whole, the promotion of V2G technology helps
to facilitate the transition towards a cleaner, low-carbon en-
ergy system, reduces reliance on fossil fuels, and consequently
lowers greenhouse gas emissions and environmental pollution,
promoting sustainable development.

3. Reinforcement learning

In the upcoming sections, we will provide an overview of the back-
ground and classification of reinforcement learning (RL) in the context
of V2G. In Section 3.1, we will introduce the fundamental concepts of
RL, along with the methods and classifications that have evolved over
time. In Section 3.2, we will explore the integration of RL with deep
learning to tackle complex problems in high-dimensional state spaces.
These methods will be categorized according to the classifications
discussed in the previous section, with a focus on their development
in deep reinforcement learning, recent research advancements, and
the challenges they face. Section 3.3 will delve into Transformer-
based reinforcement learning, highlighting its efficiency in handling
complex temporal data in V2G, improving policy learning, adapting to
dynamic changes, and optimizing multi-task objectives. In Section 3.4,
we will examine multi-agent reinforcement learning, discussing various
training and execution methods, and explaining how RL can address
challenges in more complex scenarios. We will also emphasize the
technological advancements and challenges that emerge as complexity
increases. Finally, in Fig. 3, we will illustrate the evolution of RL
algorithms in V2G over time, showing their increasing complexity and
more specialized applications across various subfields.

3.1. Basic reinforcement learning

In this subsection, we will introduce some key concepts and ideas
of reinforcement learning. First, we define a Markov decision process
(MDP). Then, we will explain some commonly used learning meth-
ods in reinforcement learning. Finally, we will introduce some clas-
sic reinforcement learning algorithms based on common classification
methods.

3.1.1. Markov decision process

MDP [98] describes a method for sequential decision-making, where
actions not only affect the immediate reward but also influence subse-
quent states and thereby future rewards. MDP is an ideal mathematical
framework for discussing reinforcement learning, allowing us to define
and describe the problem conveniently [99]. An MDP is composed of a
tuple of five elements: (S, 4, P, r,y). S denotes the set of states (s € 5).
A denotes the set of actions (a € A). P denotes the transition model
(P(Sy41 = §'|S; = 9)). r denotes the reward function r(s,, a,). y denotes
the Discount factor y € (0, 1]. The purpose of reinforcement learning
is to discover a policy z, where 7 denotes the policy z(a|s) = P(A; =
al S, = s), such that the agent can achieve the maximum expected return
starting from the initial state z* = argmin, E* [¥;° 77(s;. a,)|, where z*
denotes the optimal policy.

In V2G applications, it is essential to construct appropriate MDP
models for different problems. A suitable MDP model is the foundation
for effective learning in reinforcement learning.

For optimal scheduling and pricing strategy, we can define:

« State: Grid load, vehicle information, current time, etc.
+ Action: Different discharging strategies, discharging price, etc.
» Reward: Recovered energy, recovered price, etc.

For energy storage scheduling and optimization of the distribution
network, we can define:

+ State: Vehicle flow, storage cost, or construction cost.
+ Action: Whether to store energy at a specific location or build a
storage station, represented by a binary table.
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Fig. 3. Timeline of reinforcement learning in the V2G [70-97].

» Reward: Negative of the storage cost or construction cost.

By using this information, we can build a relevant simulation environ-
ment and learn policy (P) through this environment to achieve cost
reduction and efficiency improvement.

Additionally, we can also construct different MDP models for vari-
ous specific purposes in V2G. These models allow us to tailor the MDP
models to the specific needs of different V2G applications, enhancing
the effectiveness of reinforcement learning in achieving the desired
outcomes. Such as multi-energy microgrid being more suitable for
multi-agent MDP, optimization of distribution network being suitable
for hierarchical MDP, and collaborative grid frequency control being
more suitable for risk-sensitive MDP.

A good MDP model can help us better express the optimization
goals and facilitate better optimization and decision-making by rein-
forcement learning algorithms. For V2G, the data is often very large
and complex, making it even more important to choose the right data
to build the MDP model.

Additionally, MDP has many variants that are used to discuss dif-
ferent model states under various conditions. For instance, the Partially
Observable Markov Decision Process (POMDP) is used for cases where
the entire state space cannot be observed. The Semi-Markov Decision
Process (SMDP) is used for variable time steps. The Multi-Objective
Markov Decision Process (MOMDP) is used to address different prob-
lems with multiple objectives. Among these, POMDP is often used
in multi-agent reinforcement learning to express differences between
agents. Based on the relationships between different agents, it has
extended to frameworks like Partially Observable Multi-Agent Games
(POMG), which must consider the strategies and actions of other agents.
In practical applications, the appropriate MDP model should be chosen
based on the conditions under obtained information. This can make the
modeling results clearer and improve the effectiveness of reinforcement
learning algorithms.

Considering the commonly used models in reinforcement learning,
we will focus on discussing the differences, advantages, and disad-
vantages of MDP, POMDP, and POMG, as well as their application
scenarios. When all states are known and finite, using MDP to describe
the state-action transition relationship is undoubtedly the best choice,

as it better captures the characteristics of all states and generates
results. However, when the state space is too large, using MDP will
lead to a sharp increase in computational complexity, consuming more
computational resources.

In cases where the state is not fully known, POMDP is often used
to describe the state-action relationship. The agent needs to infer
potential state information through current observations and make
decisions. POMDP is more in line with the model state in real-world
situations and also shows good representational capabilities in multi-
agent reinforcement learning. However, it makes the learning process
more complex and it is more difficult to reach the optimal solution.

POMG represents the process where different agents in the envi-
ronment influence each other. The environment it describes is more
complex, as it not only needs to infer the current potential state but also
consider the actions and strategies of other agents to make decisions.
POMG is suitable for describing multi-agent reinforcement learning
problems where agents influence each other. In training, it needs to
consider the strategy coordination between different agents and the
non-stationarity exhibited as other agents’ strategies change.

3.1.2. Monte Carlo

The Monte Carlo method approximates the solution to a problem
through extensive random sampling, using random numbers to sim-
ulate and solve complex computational problems. In reinforcement
learning, when dealing with large state-action spaces, we can use
the Monte Carlo method to obtain approximate values for the state
transition function and the reward function, and improve accuracy
through multiple samples. The Monte Carlo method first evaluates the
value function of the current policy by simulating multiple complete
episodes. Through multiple samples, starting from the initial state,
actions are taken according to the current policy until a terminal state
is reached, recording each state, action, and reward. For each state,
the cumulative return from that state to the end of the episode define
as V™(s) = E, [G/|S, =] ~ % >N, G which G donates the return
obtained each time state s is encountered. Finally, the average of all
returns for that state is taken as the value estimate for that state. For
each state, we choose the action that maximizes the expected return.
The policy is updated to select the optimal action in each state. This
process alternates until the policy converges.
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3.1.3. Dynamic programming

Dynamic programming methods [100] involve breaking down a
problem into several sub-problems, solving these sub-problems first,
and then using their solutions to solve the original problem. The
problems that dynamic programming can solve need to meet two con-
ditions: first, the entire optimization problem can be decomposed into
multiple sub-optimization problems; second, the solutions to the sub-
optimization problems can be stored and reused. Therefore, it is used
to solve model-based reinforcement learning problems [101], where
the transition probabilities and rewards for each state and action are
precisely known. There are two main dynamic programming-based re-
inforcement learning algorithms: policy iteration and value iteration. In
policy iteration, we evaluate the current policy to obtain the state-value
function, then improve the policy based on the state-value function
= >V~ >zl > V*' - > .= > z*, and continue evaluating and
improving the policy until it converges to the optimal policy. In value
iteration, we perform only one round of value updates during policy
evaluation, and then directly improve the policy based on the updated
values: V¥*1(s) = max,g, {r(s,a) + vy Y, P(s'|s,a)V*(s'). Dynamic pro-
gramming methods for solving reinforcement learning problems have
high computational complexity and rely on environment models. They
are not well applied in model-free dominant reinforcement learning.
For V2G, we do not believe that a general and transparent environment
model can be obtained. Therefore, although model-based reinforcement
learning has successful algorithms like AlphaGo [50], it is challenging
to apply them to V2G problems.

3.1.4. Temporal difference

Model-free reinforcement learning algorithms cannot know the en-
vironment’s reward function and state transition function in advance.
They need to learn directly from the data sampled during interac-
tions with the environment. Model-free reinforcement learning can-
not use dynamic programming algorithms for learning. Instead, it
uses sampling methods and introduces temporal difference (TD) al-
gorithms [102] to iterate and improve policies. TD methods combine
the ideas of Monte Carlo and dynamic programming algorithms. When
updating the value estimates of states, TD methods do not require the
return G, calculated after the entire sequence ends. Instead, they use
the reward obtained at the current step plus the estimated value of the
next state V,(s) = E, [R, + V(S S, = 5)].

3.2. Deep reinforcement learning

Deep reinforcement learning (DRL) combines deep learning and
reinforcement learning. It uses deep learning to address the challenges
of storing and computing high-dimensional states and actions in re-
inforcement learning. In this section, we will specifically introduce
some commonly used model-free deep reinforcement learning mod-
els. Based on different decision-making methods, we generally divide
them into value-based reinforcement learning methods and policy-
based reinforcement learning methods. Some algorithms combine both
approaches, and we will also provide a detailed introduction to these.

3.2.1. Value-based

Value-based methods make decisions by learning the value of states
or state-action pairs (such as Q-values). Common algorithms like Deep
Q-Networks (DQN) output the value of each possible action given a
state and then select the action with the highest value. Value-based
methods are typically used in environments with discrete action spaces.
Value-based methods are intuitively expressive, allowing us to quickly
learn a stable policy for their application in V2G. As shown in [103],
these methods have already been applied to energy management, and
we believe they have similar application scenarios in V2G.
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DQN [104]. DQN simulates the Q-value table using a neural net-
work, where the neural network outputs the Q-values for each action.
During training, it interacts with the environment using an epsilon-
greedy strategy to explore and generate experiences, which are stored
in a replay buffer. During training, a batch of experiences is ran-
domly sampled from the replay buffer for updates Q(s,a) < O(s,a) +
a [r +ymaxy O(s’,a’) — O(s, a)] . DON introduces a target network
0,.-(s,a), whose parameters 6 are periodically updated. The pseu-
docode is shown as algorithm 1.

Algorithm 1 Deep Q-Network (DQN) Algorithm

1: Initialize replay buffer D to capacity N

2: Initialize action-value function Q with random weights 6

3: Initialize target action-value function O with weights 6~ = 6
4: for each episode do

5: Initialize state s,

6 fort=0,1,2,..., Tdo

7: With probability e select a random action q,

8

9

Otherwise select a, = arg max, O(s,, a; )
: Execute action g, and observe reward r, and next state s,
10: Save the transition (s,, a,,r,, s,;) into the replay buffer D
11: From D randomly select a mini-batch of transitions

(8j.a5,758541)

1o RS if done;,,
’ Vi= r+ yn}lz/lx Q(sj+|,a’;9_) otherwise
13: Perform a gradient descent step on (y; — O(s;,a j;9))2 with
respect to the network parameters 6
14: Every C steps, reset O = Q
15: end for
16: end for

Rainbow DQN [105]. Due to the popularity of the DQN algorithm,
many different algorithms have been developed based on it. Rainbow
DON summarizes and integrates these algorithms. Therefore, by in-
troducing Rainbow DQN, we can summarize the DQN improvement
algorithms that preceded Rainbow.

Double Q-learning [106]: Reduces overestimation bias in Q-
learning by decoupling action selection and action evaluation.
Prioritized Experience [107]: Improves data efficiency by sam-
pling experiences based on their importance and replaying tran-
sitions with higher learning potential more frequently.

Dueling Network Architectures [108]: Helps generalize be-
tween actions by separating the representation of state value and
action advantage.

Multi-step Learning: Alters the bias-variance trade-off by using
multi-step bootstrap targets, helping to propagate newly observed
rewards more quickly to earlier visited states.

Distributional RL [109]: Better handles uncertainty by learning a
distribution of discounted returns instead of estimating the mean.
Noisy Nets: Enables effective exploration without additional
information by using stochastic network layers for exploration.

C51 [49]. If the range of the distribution is from V,,, to V,,,., and
it is evenly divided into N discrete points. Each equal subdivision is:
{z; =V, +i6z : 0 < i < N,éz = %} The value output by
the model corresponds to the probability of taking the current support
point. The goal of the Bellman equation is achieved by projecting the
return distribution r + yz; onto the current distribution z;. The overall

distribution is:
1

ol Il =l
(@7Zy(x.a), = Y [1- ——2—

=0

p; (¥, 72(x")) (€8]

~.
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QR-DQN [110]. QR-DQN differs from C51 in that it allocates a fixed
uniform probability to (N) adjustable positions, rather than using (N)
fixed positions to approximate its probability distribution. It employs
quantile regression to randomly adjust the positions of the distribution
to minimize the Wasserstein distance to the target distribution.

3.2.2. Policy-based

Policy-based reinforcement learning is a method that directly learns
a policy z(al|s), rather than indirectly deriving the policy by learning
state-action values as in value-based methods. In policy-based meth-
ods, the policy function directly maps states to actions. The policy
can be deterministic or stochastic (a probability distribution). Policy-
based methods are better suited for handling continuous action spaces.
In the context of V2G with large and complex action spaces, using
policy-based methods is a better choice.

Assume the target policy = is a stochastic policy, where 6 are the
corresponding parameters. Given an input state, the policy outputs an
action or a probability distribution over actions. The optimal policy
maximizes the expected return in the environment. Therefore, we
define the objective function as J(§) = IEISO [V7e(sg)], sy represents
the initial state. We take the derivative of the objective function with
respect to the policy and use gradient ascent to maximize this objective
function, thereby obtaining the optimal policy.

REINFORCE [111]. REINFORCE is the most fundamental policy
gradient-based reinforcement learning algorithm. Its main idea aligns
with the policy-based approach, directly optimizing the policy function
to maximize the cumulative reward for actions chosen in given states.
The pseudocode is shown as algorithm 2.

Algorithm 2 REINFORCE Algorithm

1: Initialize policy parameters 0
2: for each episode do
3 Initialize state s,

4 fort=0,1,2,..., Tdo

5 Sample action a, ~ 7y(a,|s,)

6: Execute action g, and observe reward r, and next state s,
7: Store (s;,a,,r;)

8: end for

9: fort=0,1,2,..., Tdo
10: G, « Z{zt Y
11: 0 < 0+ aVylog wy(a,ls,)G,
12: end for
13: end for

The REINFORCE algorithm performs poorly in terms of sample effi-
ciency. Subsequently, many improved algorithms have been proposed
to enhance its sample utilization [112].

TRPO [113]. The policy gradient algorithm primarily iterates to up-
date the policy parameters 6 in the direction of V,J(#). However, when
the policy network is a deep model, updating the parameters along
the policy gradient can often result in the policy deteriorating signif-
icantly due to overly large step sizes, thereby affecting the training
performance.

Trust Region Policy Optimization (TRPO) ensures the monotonic
improvement of policy performance by guaranteeing the temporal dif-
ference residual Eg_y = Eqor ) 15) [A”g(*“)] > 0. During the computation
process, it is challenging to collect samples with target policy z, as
the objective function. Therefore, TRPO makes an approximation by
directly using the state distribution of the old policy. In this way, TRPO
uses the KL divergence to ensure that the overall policy difference is not
significant.

TRPO maximizes the expected return while ensuring that the KL
divergence between the new policy z,  and the old policy z,
remains within a specified threshold 6.

rr}ﬁx Ly(8")

st By Dy, C1s) | 7 Clo))| <6 @
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PPO [114]. TRPO has been successfully applied in many scenarios, but
its computation process is very complex. Proximal Policy Optimization
(PPO), based on the ideas of TRPO, implements the algorithm in a much
simpler way. Numerous experimental results show that PPO can learn
as well as (or even faster than) TRPO. PPO has become a very popular
reinforcement learning algorithm. When trying to use a reinforcement
learning algorithm in a new environment, PPO is one of the algorithms
that can be tried first. PPO has two forms: one is PPO-Penalty, and the
other is PPO-Clipping.

PPO-Penalty [115] uses the Lagrange multiplier method to directly
incorporate the KL divergence constraint into the objective function.

arg max E gy Banry 1s)
Zolals) A% (s,a) — B D [7g, (1) || mp(-19)] ©
g, (al3) ‘

Assume d;, = Dy (g, , 7p). If d < §, then &, = §,/2. If d; < 5, then
841 = 6, X 2. Otherwise, 6, ,; = 6,. 0 is a pre-set hyperparameter used
to limit the difference between the learning policy and the previous
round’s policy.

PPO-Clip is more straightforward and commonly used. It imposes
a constraint in the objective function to ensure that the difference
between the new parameters and the old parameters is not too large.

arg max Eg 7 E

min Zolals) A" (s, a),
7o, (als)

dlip [ Z9D | e ) AT Gs, ) 4
g, (als)

3.2.3. Actor—Critic

Actor—Critic (AC) algorithms [116] combine the value function
estimation of value-based methods and the policy optimization of
policy-based methods. They use the Actor for policy updates and the
Critic for value evaluation, thereby improving learning efficiency and
stability. AC algorithms are essentially policy-based because their goal
is to optimize a parameterized policy. They additionally learn a value
function to help the policy function learn better. Considering their
uniqueness, we still list them separately as another framework. The
AC algorithm combines the advantages of value-based and policy-based
methods, ensuring a more stable and efficient approach to reaching
optimal solutions when exploring complex V2G problems.

We divide AC into two parts: the Actor (policy network) and the
Critic (value network). The Actor interacts with the environment and
learns a better policy using policy gradients under the guidance of
the Critic’s value function. The Critic learns a value function from
the data collected by the Actor’s interactions with the environment,
which is used to judge which actions are good in the current state,
thereby helping the Actor update its policy. The pseudocode is shown
as algorithm 3.

a~mgr (-]5)

Algorithm 3 Actor—Critic Algorithm

1: Initialize policy network parameters 6, Initialize value network
parameters w

2: for each episode do

3 Sample trajectories {s;,a;,ry,S,,a,,r5,...} using the current
policy =,

4 For each step in the data: 6, = r, + vV, (s,41) — V,,(5,)

5 Update value network parameters: w = w + a,, ), 6,V,,V,,(s;)

6: Update policy network parameters: 6 = 6+ay Y., 6,V log 75(a,|s;)

7: end for

A2C/A3C [117]. A2C uses the advantage function instead of the orig-
inal returns in the critic network of AC, which can serve as a measure
of how good the selected action value is compared to the average value
of all actions.
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Fig. 4. Categorization of reinforcement learning for V2G. Part a describes the use of Transformer algorithms to capture time series, which are suitable for real-time and time-
dependent V2G problems. Part b describes model-based algorithms, which are suitable for existing models or easily modelable V2G problems. Part ¢ describes multi-agent algorithms,
which are suitable for V2G problems involving multiple distinct agents. Part d describes model-free algorithms, which are suitable for more complex V2G problems. * indicates

that the method has an official code implementation available.

A3C adopts an asynchronous method to generate data. In the A3C
model, each worker directly takes parameters from the Global Network
and interacts with the environment to output actions. The gradients of
each worker are used to update the parameters of the Global Network.
Each worker can be regarded as an A2C.

DDPG [118]. The Deep Deterministic Policy Gradient algorithm
(DDPG) constructs a deterministic policy and uses gradient ascent to
maximize the Q-value. DDPG is an off-policy algorithm that requires
maintaining four networks: the actor network, the critic network, and
their corresponding target networks. In DDPG, the target networks are
updated using a soft update method, which means that the target Q-
network is slowly updated to gradually approach the Q-network w~ «
+tw+ (1 -7)w™.

TD3 [119]. Twin Delayed Deep Deterministic Policy Gradient (TD3)
introduces the concept of Clipped Double-Q Learning based on DDPG,
where the value estimate suffering from overestimation bias can be
used as an approximate upper bound for the true value estimate. The
target update for the algorithm is: Qyrger, = r+y min;—;, QG;(s’ T, (s1)).
Since the TD target calculation uses the same policy, we use Qyrger, =

Qtargetz .

SAC [120]. In the Soft Actor-Critic algorithm (SAC), we model two
action-value functions based on the idea of Double DQN (with param-
eters w, and w,) and a policy function = (with parameter 6).

The goal of SAC is not only to maximize cumulative rewards but
also to maximize the entropy of the policy. Entropy is a measure of
the randomness of the policy, and increasing entropy can encourage
more exploration, preventing the policy from prematurely converg-
ing to sub-optimal solutions. The policy objective function is J(z) =

Esayp Ir(s,@) + aH (=(.]5))], where « is the coefficient that balances
the reward and the entropy, and H(x(.|s)) = —E,_,[logz(als)] is the
entropy of the policy.

3.2.4. Summary

This section discussed some branches and basic methods of model-
free deep reinforcement learning, which are simple, lightweight, and
very effective. Using these methods in the initial deployment of V2G
can test the stability and effectiveness of the environment. In the actual
deployment process, in addition to considering the basic functions of
the model, attention should be paid to issues such as model safety,
scalability, and explainability.

First, for real V2G applications, some actions may be impracti-
cal or risky. In real deployment, Safe Reinforcement Learning (Safe
RL) should be used to ensure that the agent’s behavior meets safety
constraints and avoids unsafe actions [121].

Second, reinforcement learning is highly tied to the environment,
and its scalability is greatly constrained. Theoretically, modular design
and distributed processing can improve the system’s scalability and
ensure efficient operation in large-scale applications [122]. Another
option is to train by mapping abstract actions and states, and then
restore the original actions during deployment to achieve migration.

Lastly, in terms of explainability, we have a detailed discussion in
the subsequent future research directions, so it will not be elaborated
here.

In summary, reinforcement learning methods have the advantage
of exploring the environment and solving problems. Different models
are available for different scenarios, but there are still many challenges
and issues to consider in the specific deployment of V2G. These will be
discussed in more detail in the following sections.
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3.3. Transformer related

We can see that reinforcement learning uses neural networks to
make decision choices (whether policy-based or value-based). In deep
learning, the invention of Transformers has greatly improved natural
language processing. This implies that introducing Transformers into
reinforcement learning can also significantly enhance models [123].
We will discuss Transformers separately here, mainly because these
algorithms mostly abandon the traditional method of learning through
temporal difference and instead use an auto-regressive approach to fit
and predict the next action. Theoretically, this makes these models not
belong to either policy-based or value-based categories. Introducing
Transformers into reinforcement learning or multi-agent reinforcement
learning can improve their representation capabilities, enabling models
to better capture spatiotemporal latent features, especially in applica-
tions with complex data. However, Transformers require larger training
resources and data resources, and their training complexity is also
higher. In V2G systems, Transformers are more suitable for deployment
in complex scenarios that generate large amounts of data or for resource
scheduling problems. Besides, the Transformer model’s suitability for
addressing temporal issues makes it easier to capture temporal features
in V2G applications. By leveraging these temporal features, better ac-
tion choices can be achieved. The inclusion of these two classifications
in the diagram is only to consider the final decision-making method,
which is not entirely consistent with the traditional classification of
reinforcement learning. The pseudocode of Self-Attention is shown as
algorithm 4.

Algorithm 4 Self-Attention Mechanism

—_

: Initialize input sequence X

: Initialize weight matrices Wy, Wi, W),
: Compute queries: Q = XW,

: Compute keys: K = XWx

: Compute values: V = XW,,

T
: Compute attention scores: A = %

k
: Apply softmax to attention scores: A = softmax(A)
: Compute output: Z = AV
: return Z

© PN O UA W

Decision Transformer [51]. Decision Transformer (DT) is a classic algo-
rithm that introduces Transformers into reinforcement learning. Unlike
traditional reinforcement learning, which updates model parameters
through temporal difference learning, DT learns from trajectory data
using an auto-regression approach. It does not treat data as a Markov
process but rather as a sequential process. By learning from trajectory
data, DT aims to find the optimal actions to optimize the overall
trajectory. Therefore, the DT algorithm only uses offline data and does
not have an online learning version. 1

DT learns offline data actions by fitting actions L(#) = T

ST (@ — qd@a)2 | and its training effectiveness is highly dependent
on the quality of the offline data. Generally, DT incorporates more
temporal sequence information during the learning process, allowing
it to find better paths when selecting sequences. By using traditional
algorithm models to generate offline data and then further training with
DT, better results can typically be achieved. Additionally, DT requires
a target reward value. During training, it typically does not fit the
reward value directly. Instead, it sets an expected reward value for the
entire sequence and calculates the target reward value accordingly. The
setting of the expected reward value for the sequence can influence the
overall training effectiveness of the model.

Q-Transformer [124]. Q-Transformer is a reinforcement learning al-
gorithm that combines Transformer and Q-learning. It still employs
the temporal difference learning method. Unlike traditional Q-learning,
the temporal difference method focuses on the problem of multi-
dimensional action spaces. By discretizing multi-dimensional continu-
ous actions dimension by dimension (ay, q,, ... ,a,), it avoids the issue
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of dimensionality disaster. Additionally, to address the problem of
data distribution shift in offline learning, a conservative Q-function
regularization method Lo = E ,.p [max(O, O(s,a) — maxy O(s,d’ ))] is
introduced to ensure that the actions with the maximum Q-values
remain within the data distribution.

DeFog [125]. Decision Transformer under Random Frame Dropping
(DeFog) simulates random frame dropping during training, enabling the
agent to better handle packet loss in real-world applications, thereby
enhancing the agent’s stability and performance. The Transformer’s
output layer is used to predict the Q-value for each action L, =
iy ars | (r+ 7 maxy O(s',a'307) = OGs, a; 0))2]. In this way, DeFog can
accurately estimate Q-values even in the presence of random frame
drops, allowing it to make reasonable decisions.

3.4. Multi-agent reinforcement learning

Multi-Agent reinforcement learning (MARL) differs from single-
agent reinforcement learning in that it primarily addresses the interac-
tion of multiple agents within the same environment, both with other
agents and the environment itself. Compared to single-agent systems,
multi-agent systems often use The Decentralized Partially Observable
Markov Decision Process (Dec-POMDP). It can be composed of a tuple
of five elements: (S, A, P,R,0,y), where O denotes the observation
space. Agents need to make decisions based on limited observed in-
formation to achieve the highest reward. In the deployment of V2G,
it is unrealistic to directly obtain all information. Most large-scale
and complex environments contain unobservable latent variables. In
such cases, MARL is more suitable for addressing these Dec-POMDP
issues. [126] is used to create and observe Dec-POMDP, and solves the
problem of improving joint routing and scheduling in V2G using MARL
methods. MARL is suitable for environments with multiple agents. In
the context of V2G, where various entities such as customers, charging
stations, and the grid are involved, MARL is more apt at describing the
complex environment, thus achieving better training results.

In multi-agent systems, the environment is non-stationary because
each agent’s strategy affects the strategies of other agents, making the
learning process more complex and increasing the difficulty of strat-
egy convergence. Communication and hardware limitations between
different agents are issues that need to be addressed and resolved. In
the application of V2G and similar EV systems, the environment often
cannot engage in unlimited communication. Multi-agent systems can
limit these issues by setting communication volumes, thereby better
fitting the real deployment scenario of V2G.

In different multi-agent environments, the relationships between
agents can vary, such as fully cooperative, fully competitive, or mixed
relationships. Here, we will not discuss the environment but focus on
learning algorithms. Based on the training and execution processes,
we categorize them into three types: Centralized Training with Cen-
tralized Execution (CTCE), Decentralized Training with Decentralized
Execution (DTDE), and Centralized Training with Decentralized Execu-
tion (CTDE), which shows in Fig. 5. We will introduce representative
algorithms for each type.

3.4.1. CTCE

CTCE involves fully centralized training and execution phases. This
means that during both training and execution, all agents share their
observations and actions, treating the entire system as a single agent.
This approach allows single-agent training methods to be directly ap-
plied to multi-agent problems, making it easier to find globally optimal
strategies. Additionally, the behavior of all agents can be better co-
ordinated, reducing conflicts among individuals. However, in CTCE,
the joint state-action space grows exponentially with the number of
agents, leading to poor scalability. Furthermore, the constant sharing
of information results in high communication overhead and robustness
requirements.
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Fig. 5. Classification of multi-agent reinforcement learning in V2G.

CTCE inherently combines multiple agents for computation, making
it more efficient and suitable for scenarios with fewer agents, low
communication latency between agents, and a good communication
environment. For V2G, edge sites are relatively small in scale, and
their environments are somewhat independent. Therefore, these sites
are more suitable for deploying the CTCE method when implementing
MARL. For existing single-agent algorithms, there are corresponding
CTCE methods, including value-based, policy-based, and actor—critic al-
gorithms. Additionally, CTCE may be applied to low-level communica-
tion in large-scale MARL deployments through a hierarchical approach.
On the other hand, in application scenarios with low communication
pressure, using CTCE to accelerate training speed can be a good choice.

3.4.2. DTDE

In DTDE, both the training and execution phases are distributed, en-
abling efficient collaboration in large-scale systems. Due to distributed
training, it offers higher scalability, less reliance on global information,
and greater robustness. However, the lack of a centralized coordinator
means that agents have less strategy coordination, requiring more
training resources and time to achieve optimal strategies. Additionally,
since global information is ignored, each agent makes decisions based
only on local information, which may lead to suboptimal strategies.

DTDE is more suitable for environments with communication con-
straints or privacy requirements because agents do not communicate
with each other. Similar to other multi-agent classifications, different
types of single-agent algorithms have their developments in DTDE, such
as IQL [127], IAC, and IDDPG [128]. These algorithms can achieve the
effect of centralized training by aggregating all experiences for training.
The choice of training method depends on the application scenario of
the environment. When using these algorithms, one should adopt the
appropriate training method based on their environment. DTDE has
strong scalability, making it a good choice for the initial deployment
of V2G when facing imperfect communication conditions. However,
its limitation of relying on local information and difficulty in finding
optimal solutions hinder its suitability for long-term deployment. For

10

long-term deployment, it is preferable to choose MARL solutions that
can exchange information through communication to improve training
effectiveness.

3.4.3. CTDE

In CTDE, all agents share global state information during the train-
ing phase, which effectively optimizes their strategies. During the
execution phase, each agent makes decisions based only on its local
observations and policies. CTDE combines the efficiency of central-
ized training with the flexibility of decentralized execution, enabling
efficient collaboration without increasing communication overhead.
However, due to the non-stationarity of the environment (as agents rely
solely on their local observations during execution), the strategies may
not always be effective. Additionally, the centralized training process
depends on the accuracy of global information, and incorrect global
information can affect the training outcomes.

QMIX [129]. In QMIX, each agent follows the DQN sampling pro-
cess (such as epsilon-greedy) and stores all experience data in the
replay buffer. During training, agents retrieve the current Q-value
and target Q-value from the replay buffer and input these two Q-
values into the mix network to obtain the overall Q-value Q,,, =
Smix(01, 03, ...,0,;0s). In this context, §s denotes to the parameters
generated by the hypernetwork. To ensure that the selection of locally
optimal actions correctly reflects in the globally optimal actions during
the optimization process, and that an increase in any local Q-value
does not decrease the overall Q-value, QMIX requires the parame-
ter weights to be non-negative, thereby satisfying the monotonicity
condition %Q‘”"’ >0,Va € A.

MADDPG [130]. The MADDPG algorithm is an extension of the DDPG
algorithm. MADDPG extends the DDPG algorithm through a centralized
Q function, where all agents share a centralized Q function. This Q
function can obtain observations and actions from all types of agents.
In this way, MADDPG ensures that all agents evaluate state-action
pairs using the same strategy, ensuring the uniformity of training
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results. MADDPG updates the policy function to maximize the output
of the critic function. For the critic network, we aim to minimize the
difference between the output Q value and the target Q value.

L) = [QCo.5,a.r,0.5',d; 0)—

E
(0,8,a,t,0' ;5" . d)~D
— )02 (0, 5, Horar )] )

For the actor network, we aim to maximize the final Q value
max IE 0(0, 8, Ppiar(0). Hyrar(0) denotes the policy function which can

be shared across agents.

r+yQ

MAPPO [131]. MAPPO (Multi-Agent Proximal Policy Optimization)
adheres to the design principles of PPO for individual agent execution.
In the overall training process, it introduces a centralized value function
to compute the Generalized Advantage Estimation (GAE) and facilitate
the learning process of the PPO critic. MAPPO improves the value func-
tion with each iteration ¢, = argmmlD T ZTGDk Z,TZO(Vqﬁ(o,,s,,a;) -

R))%. It employs the GAE method, which estimates the advantage
function by taking a weighted average of multiple time steps’ TD
errors, thereby reducing the high variance problem of single-step TD
errors A, = Y0 (y ) 5, ",;- For the policy function part, the estimated
advantage can be used to update the policy function.

79(alo)

7, (alo)
7g(alo)

clip Jd—el+e | A (0,5,a7)
g, (alo)

Here, a~ represents the actions taken by all other agents in the current
state, excluding the action taken by the current agent.

CTDE combines both DTDE and CTCE, retaining shared informa-
tion during training to improve training efficiency while reducing
communication during execution. Specifically, in the application of
V2G and similar systems, CTDE can effectively manage communication
overhead, enhance strategy convergence speed, and improve overall
system performance. Its efficient and flexible operations during actual
execution make CTDE a promising method with broad application
prospects in multi-agent systems.

L(o,s,a,a7,0;,0) = min( A%(0,s,a7),

©

3.4.4. Communication management in large-scale MARL training

Considering the execution and management of policies, V2G deci-
sions and management are typically conducted on a city-wide basis,
necessitating the consideration of large-scale MARL methods. Commu-
nication issues are inevitable in this context. To ensure the effectiveness
and robustness of communication in large-scale MARL training, it is of-
ten necessary to minimize the frequency and volume of communication.
Therefore, CTDE, which involves communication only during training,
and DTDE, which does not continuously share information, are often
more suitable choices.

Additionally, there are some viable methods to help manage and al-
leviate communication in large-scale MARL, such as: Reducing reliance
on real-time communication through asynchronous updates. Learning
to use local communication methods to reduce global communication
and thus decrease communication volume [132]. Simplifying informa-
tion through a hierarchical structure to reduce direct communication
volume [133].

3.5. Summary

In this section, we discuss the classification of common existing
reinforcement learning algorithms. These different classifications have
varying effects when addressing different types of problems. When
using these algorithms, different approaches should be tried based on
the specific situation. In V2G systems, different problems may have dif-
ferent optimal solutions. In Fig. 4, we describe four different categories
of reinforcement learning algorithms and their potential applications
in V2G. These categories take into account different environments and
problems, resulting in varying levels of performance.
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4. Applications of reinforcement learning in V2G

In recent years, as the demand for the application of reinforce-
ment learning in the V2G field has been growing, it has significantly
improved the interaction efficiency between electric vehicles and the
grid, enabled the intelligent and optimized scheduling of energy, and
played a crucial role in reducing system uncertainty. Therefore, in
this section, as shown in Fig. 6, we will outline the application of
various reinforcement learning methods in several key directions of
V2G from the perspectives of the three participating entities: the power
grid, charging aggregators, and electric vehicle users. The aim is to
comprehensively explore the mechanism of reinforcement learning in
the V2G system and its role in promoting the optimized management
of V2G. In order to provide a clear perspective on literature analysis,
we have summarized the application path and practice methods of
reinforcement learning in the V2G field in recent years in chronological
order, as shown in Table 2.

4.1. Collaborative grid frequency control

In the domain of V2G, frequency control is of paramount impor-
tance [134-136]. This technology harnesses the energy storage capacity
of electric vehicles, aiding not only in the stabilization of the power grid
but also in the effective integration of renewable energy sources and the
optimization of grid operations. By dynamically adjusting the charging
and discharging processes of electric vehicles, V2G significantly bolsters
the grid’s frequency control capabilities, thus offering solid support
for the reliability and sustainability of the power system [52,135,
137]. Recent work by the authors [138] has implemented a multi-
microgrid frequency coordinated control strategy using an improved
evolutionary deep reinforcement learning (EDRL) method, by consid-
ering the impact of the V2G process on the shortest full charging time
of electric vehicles. This strategy effectively reduces the adjustment
cost of generators and unnecessary discharge of electric vehicles. [31]
realizes the dynamic optimization of V2G frequency scheduling through
the application of deep reinforcement learning technology, aiming to
simultaneously enhance the benefits of electric vehicle owners and
aggregators, while also considering the driving needs of electric vehicle
owners. To address the dynamic asymmetry issue in frequency regu-
lation within the V2G system, researchers have proposed a Switched
Integral reinforcement learning (SIRL) method [30]. This approach
aims to achieve efficient regulation of cooperative grid frequency con-
trol in multi-microgrid systems. With SIRL, the system can better cope
with the dynamic changes and asymmetries in the V2G environment,
thereby optimizing the frequency stability and overall performance of
the grid. In this paper [139], the authors construct a model predictive
two-layer controller for V2G using the DDPG algorithm. This controller
is capable of effectively adapting to various stochastic constraints dur-
ing the control process, thereby effectively preventing the failure of the
machine learning controller.

In terms of distributed control strategies, the Multi-Agent Deep
Deterministic Policy Gradient (MADDPG) method can effectively imple-
ment Load Frequency Control (LFC) strategies for multiple microgrid
systems in V2G [139]. This approach not only significantly reduces
transmission costs but also decreases computational complexity and
energy losses during transmission. In [140], researchers have employed
MARL technology to meticulously design the frequency scheduling
strategy for the discharge of EVs batteries. The goal is to enhance
the peak load regulation capabilities of the power grid and effectively
tackle the uncertainties in the electricity supply. During the implemen-
tation of this strategy, there is no need for data exchange between the
EVs and a central control center, which ensures the model’s autonomy
and protects user privacy, achieving self-managed data control.
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Fig. 6. Reinforcement learning in V2G applications from the perspective of the participating entity.

4.2. Optimal scheduling

With the widespread integration of electric vehicles, microgrids
indeed face increasing challenges of randomness and uncertainty in
operation and regulation [141]. To tackle these challenges, optimal grid
scheduling becomes particularly crucial [142-144]. It not only ensures
the stability of the system but also enhances the efficiency of energy
utilization. To address the nonlinear challenges posed by the dynamic
mobility of electric vehicles and the periodic fluctuations in user charg-
ing behavior, researchers have proposed a V2G model that considers
the randomness of electric vehicle mobility and user charging behavior,
which can effectively enhance the operational efficiency of the grid and
the flexibility of energy management [53]. In order to facilitate the im-
plementation of large-scale smart grids for electric vehicles, researchers
have proposed a decentralized Markov Decision Process model based
on multi-agents, which can effectively reduce the computational time
for system scheduling and enhance the responsiveness of the grid and
the accuracy of scheduling decisions [145]. In [146], the authors has
employed reinforcement learning technology to construct an energy
management system for V2G and Vehicle-to-Home (V2H) applications,
aimed at optimizing power demand scheduling. This model not only
effectively smooths the household electricity load curve and reduces
the electricity costs for users but also generates additional economic
benefits for them. Additionally, researchers have developed a V2G
scheduling model that integrates the power and transportation dual-
layer networks [147]. This model, utilizing hybrid strategy learning,
is able to simultaneously address discrete routing choices and continu-
ous scheduling decisions. This approach effectively devises reasonable
driving routes for users based on traffic conditions and grid informa-
tion, thereby significantly reducing carbon emissions. To ensure the
effectiveness of scheduling, [148] designs a constrained SAC charging
scheduling algorithm that adopts a tiered electricity pricing strategy.
By incorporating a rule-based safety filtering mechanism, the algorithm
maintains load balance while satisfying the charging and discharging
power constraints of charging stations and electric vehicles. It not only
maximizes the profits of microgrid operators but also takes into account
the charging needs of electric vehicle users, and the overall scheme
effectively reduces the dimensionality of the action space.
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4.3. Pricing strategy

Pricing strategy are crucial for the application of V2G, as they
provide real-time electricity price data to precisely control the charging
of electric vehicles during low electricity demand periods and the
discharge of power back into the grid during peak times, effectively
optimizing the allocation of grid resources and enhancing overall grid
operation efficiency [165]. Additionally, this precise pricing strategy
creates economic incentives for all entities involved in V2G, promoting
the in-depth development of the interaction between electric vehicles
and the power grid [166]. In [149], the authors adopted a multidi-
mensional approach, taking into account factors such as the purchase
cost of aggregators, the driving behavior of electric vehicle users,
and the competitive market environment. By applying the Q-learning
algorithm, this research has achieved an optimal V2G pricing strategy.
This strategy not only effectively coordinates the interests of power
grid operators, electric vehicle aggregators, and electric vehicle users
but also promotes the maximization of interests for all three parties,
achieving a win-win cooperative model. In order to more effectively
incentivize electric vehicle users to participate in the V2G system,
researchers have analyzed user behavior patterns based on historical
bidirectional charging and discharging data, and employed the DDPG
method to construct a V2G dynamic real-time pricing model that up-
dates every 15 min [152]. By increasing the frequency of pricing in the
V2G system, this model not only effectively enhances user engagement
but also promotes the rapid development of the V2G market. The
paper [151] addresses the issue of electric vehicle charging pricing
in the power system and proposes a new deep reinforcement learning
method that combines Deep Deterministic Policy Gradient with Priori-
tized Experience Replay strategy, effectively resolving the discretization
issue of charging/discharging behaviors. By optimizing in a multi-
dimensional continuous space, this technique transcends the limitations
of traditional discretized RL methods, enhancing the optimality and
computational efficiency of the pricing scheme. The study also confirms
the advantages of this method in improving the economic benefits for
both aggregators and electric vehicle owners, comprehensively demon-
strating the value of smart charging and V2G flexibility. To optimize the
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Table 2
Summary of reinforcement learning in V2G applications.
Year Paper Application |RL algorithm State Action Reward D;ls;;r::e MARL
2019 | H Ren, et al. [149] @ Q-Learning | Aggregator’s V2G power Variation of the V2G price g;(t)grts of users and aggre- Q Q
. Regulation signal, state of charge . : : Revenue (cost) of selling
2019 | X Chen et al. [71] & Q-Learning (SOC) & time, number of plug-in EVs Charging/discharging (buying) electrical energy ° Q
0= Average SOC of local Evs, the num- . : : Economy, battery degra-
2019 | X Feng et al. [150] “& MARL, SARL |~ €1 a1 Evs Charging/discharging dation, and user’s anxiety Q Q
PDDPG, Wholesale market prices, the de- - : ) .
2020 | D Qiu et al. [151] @ Q-Learning, |mand of inflexible EVs, and the net E)ertall prices offered by the aggrega- O:;;ﬁll ter rg rofit with Q Q
DQN, DDPG |demand of flexible EVs penalty
Multi-DQN, |Number of available charging piles, | Quantity that Evs want to charge, s
2020 | Y Zhang et al. [57] '& Q-Learning | charging state of EVs price willing to pay Utility of EVs Q Q
F Alfaverh et al. 0 . Electricity price, home power de-|Charging, discharging/appliances, . .
2ozl [146] Q-Learning | 21d, SOC, Availability of EVs discharging/grid and do nothing Rating value of the action ° Q
2021 | D Liu et al. [152] @ DDPG Charging demand, EVs power load |Pricing strategy g}:::;ging transaction rev- Q Q
DDPG, PPO, |[Market trends, self-situation, strate- | . -
Y-C Chuang et al. (P e g 4 Prices offered by the aggregator to | Aggregator’s revenue mi-
2021 [153] @ ]?Q]ﬁagﬁ'gﬁ tgéenie:')sf’ gg}llzrv;(ifsgregators, and cus- producers and customers nus the fee Q Q
Current energy storage state, value Pro, .
; > 2 portion of the current energy
2021 | Y Tao et al. [154] _& DDPG (éfesglgrl:ga(cliggrc:& Vtvrl:ddmsgpe‘fgl’uirlled’ storage, bidding price to sell that |Direct profits Q Q
observed utility amount of energy
2021 Y Lu et al. [54] ! MARL, SAC, Ch_arging loads, historical charging Charging price Profit
) PPO, DDPG | prices 8ing p
: Scheduled energy charg- . :
FRL, A2C, Price, aggregate energy demand, |: s s s . Profit, operation cost,
2021 | S Lee et al. [79] ﬂ SAC predicted PV generation energy lerrl1ge/r g;]schargmg and selling price of penalty Q Q
User electrical Toad demand, gener-
2022 | Y Wen et al. [53] O DON ation power, charging and discharg- | Output power, Interaction power Overall operating cost
ging 8 8
ing power capability
M Alqahtani et al. 0= EVs’ position, EVs’ state of charge, | Mobility decisions and energy dis-
2022 [145] CRL, MARL | G5y irradiance, and power load patch decisions Overall cost Q Q
Average of solar generation, the
2022| § Rahman et al. E SAC moving average of day-ahead, mar- | The charge or discharge decision The profit Q Q
(871 ket prices
A Narayanan et al. The information about individual | The (vehicle, node) pair at decision
2022 * RL vehicle-node pairs time Total cost Q Q
- Energy price and availability of EVs,
Paos) ~ Kumari et al. * DON EVs either consume energy or dis-|Charging and discharging of energy | Revenue ° Q
[156] tribute energy
2022| SR Po[li]g;]l et al. ﬂ FRL, DQN | Energy demand Charge/discharge Cost Q Q
2023 | P Fan et al. [139] -I|-I|I- MA-DDPG g{gg;ﬁg;{ edeviation, wind and load Control signal Frequency stability Q °
2023| F Alfaverh et al. e D DDPG The battery SOC, the V2G power Regulation-up and regulation-down |The charging demand
[31] Ty 8 8 ging
2023 | M B Hﬁs;egf et al. O (glﬁég?s%?g The battery SOC Charge/discharge The cost of energy Q Q
The active and reactive power, the
Power demand, power output, start hargi : % .
. . : : ty, the tap position |The operation cost, the
2023 | D Liu et al. [159] DDPG, PPO | charging time and departure time, | S32r8I08 capacity, S ?
* expected state of charge of EVs gf} itt};e OLTC, and the number of SCB | voltage violations Q Q
P Fan et al. [138] e DDPG, EDRL nggélre I:)cny\?:’ Viitsif n, the charging | tpe control signals Cost, penalty Q Q
P P Kumar et al. 0= Renewable energy availability, grid | Decisions related to EVs charging|Grid stability, renewable
[160] PPO load, and EVs fleet conditions and discharging energy utilization Q Q
. . Online V2G scheduling and time-
0= Different energy sources and time- : : : :
W Pan et al. [161] E SAC varying price settings sz;z%spnces of different energy | Total operation cost Q Q
BLSAC,
L Chen et al. [162] O MASAC, Global and local observation Charging or discharging power rate | Operational costs Q Q
MADDPG
M.-J J. t al. . Th tion time, SPG f t . . . .
[f'(,l%]e a O Q-Learning err?)r,ogreuriaégnutii?;:ti on OreCast| charging or discharging quantity SPG forecast error ° Q
MJRCDD Position node of the vehicle, power [ Three Timited optional strategies
P Liu et al. [164] * MADDPG | Storage, the vehicle, attributes of the | (charging, discharging and passing | Income or cost Q Q
current node through the station)
J Sun et al. [56] ﬂ Q-learerlj(r:lg, Frequency deviation Control signals Cost Q Q
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4.4. Bidding strategy

effectively coordinate charge—discharge transactions between the grid

and electric vehicle users, researchers have developed an aggregator
pricing strategy based on deep reinforcement learning [153]. This
strategy fully considers market competition behavior, the volatility of
renewable energy, and the boundaries of charging and discharging
operations in a dynamic environment, aiming to maximize profits while
achieving a balance between electricity supply and demand.

In the application of V2G, bidding strategies in the electricity mar-
ket hold significant importance in game theory. Through carefully
designed bidding strategies, electric vehicle aggregators can compete
with other participants in the market, optimizing their decisions on
energy buying and selling [167-169]. This strategy not only reflects the
competition and game-playing in the market but also helps to enhance
the stability and economy of the power grid by flexibly adjusting charg-
ing and discharging behaviors. The paper [71] addresses the issue of
incomplete information games among electric vehicles in V2G systems

13



H. Xie et al.

and proposes an algorithm called FSPEVA, which combines fictitious
self-play with reinforcement learning to find the Nash equilibrium.
This method effectively tackles the challenge of incomplete information
by using reinforcement learning to learn the best response strategies
from the interactions of electric vehicles. Simulation results show that
FSPEVA can approximately converge to the Nash equilibrium in an
environment with incomplete information, and by using pre-training
methods with historical data, the convergence speed of the algorithm
is further accelerated. To investigate the benefits of the V2G microgrid
market and balance the interests of all market participants, the author
has constructed a multi-agent-based residential microgrid model and an
auction bidding market platform [150]. By developing an optimized
Equilibrium Selection-Multi-Agent reinforcement learning (ES-MARL)
algorithm, it ensures the fairness of transactions and the security of
personal information while maximizing the overall benefits of the
system. In [154], the authors propose a bidding strategy for electric
vehicle aggregators based on deep reinforcement learning, aiming to
optimize bidding decisions in the local energy market, and simulation
results indicate that this method effectively increases profits and re-
duces risks. This paper [54] constructs a non-cooperative Stackelberg
game framework, delves into the strategic pricing issues of electric
vehicle charging station operators, and employs a novel multi-agent
deep reinforcement learning algorithm based on the soft actor—critic
to solve the game equilibrium while ensuring privacy security among
operators. Based on real-world data of urban scale, a numerical case
study was conducted that confirmed the significant effectiveness of
this framework in optimizing the charging behavior of electric vehicle
fleets and improving the overall energy efficiency of the transportation
system. In [57], researchers conduct an in-depth discussion on the
optimal bidding strategy for electric vehicle charging in the auction
market, and innovatively proposes a reinforcement learning bidding
strategy based on Multi-Deep Q-Network (Multi-DQN). This strategy
effectively optimizes charging decisions by equipping each car owner
with value evaluation and target networks. Experiments have proven
that it significantly outperforms traditional Q-learning and random bid-
ding methods in terms of improving economic efficiency and reducing
charging time.

4.5. Multi-energy microgrid

In a V2G system that integrates diverse renewable energy sources,
the complexity and difficulty of scheduling strategy significantly in-
crease [48,170]. Reinforcement learning algorithms, with their ex-
cellent adaptive and learning capabilities, are well-suited to handle
such complex dispatch issues. They provide the V2G system with
precise optimization dispatch strategies, ensuring the maximization of
energy utilization efficiency and the stable operation of the system. In
the multi-energy system, the dispatch center based on reinforcement
learning can intelligently allocate various renewable energy sources
such as solar, wind, and geothermal energy according to the over-
all real-time charging and discharging demands of the V2G system,
ensuring that power supply needs are met while promoting the sus-
tainable development of energy. [160] has improved the utilization
rate of renewable energy in the V2G system by 15.3% by employing
reinforcement learning methods, which can effectively facilitate the
extensive integration and profound incorporation of renewable energy,
realizing long-term sustainable development. The results show that this
approach effectively promotes the more comprehensive utilization of
renewable energy, opening up a new path for building a resilient and
efficient energy network. In [161], the authors construct a multi-energy
dispatching framework for V2G based on deep reinforcement learning,
which makes reasonable decisions on charging and discharging actions
online using the soft actor—critic algorithm. The results demonstrate
that deep reinforcement learning is significantly effective in dispatching
multi-energy systems, not only improving the system’s profitability but
also enhancing the sustainability of energy development. To address
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the profitability issues of virtual power plants in power systems with a
high proportion of renewable energy, this paper [87] proposes an op-
eration strategy based on soft actor—critic reinforcement learning. This
strategy integrates solar energy systems and electric vehicle chargers
for vehicle-to-grid support and maximizes profits through day-ahead
and imbalance electricity market transactions. This approach achieves
optimized scheduling of electric vehicle charging demands by solving a
two-stage stochastic optimization problem and employing a reinforce-
ment learning algorithm with differentiable projection layers to enforce
constraints.

4.6. Energy storage scheduling

Energy storage scheduling is mainly used in V2G system to optimize
the bidirectional energy flow between EVs and the grid and manage the
load fluctuations of the grid [171]. This helps balance power supply
and demand, and improve energy utilization efficiency. At the same
time, it improves the profit of the car owners. In [162], an energy
management framework based on bi-level soft actor—critic algorithm is
proposed to optimize the coordinated scheduling of integrated energy
and V2G systems. The bi-level agent is used to manage the scheduling
of the integrated energy system and formulate the charging and dis-
charging strategy of the EVs respectively. The bi-level reinforcement
learning approach improves energy exchange between the integrated
system and EVs charging stations and reduces operational costs. The
rise in EVs adoption leads to increased charging loads, which can
affect the reliability of the smart grid. The paper [172] proposes a fair
energy scheduling approach by introducing contribution-based fairness,
prioritizing EVs with higher contributions for charging energy. The
scheduling problem is modeled as an infinite-horizon Markov deci-
sion process, utilizing adaptive dynamic programming to maximize
long-term fairness through online training. The scheduling effectively
reduces and flattens peak loads in the distribution network. Addition-
ally, contribution-based fairness facilitates quick recovery for deeply
discharged EVs. Traditionally utility providers (UPs) must monitor the
state of charge of vehicle batteries (VBs). The author introduces a
genetic algorithm (GA) based reinforcement learning framework to
construct a demand-side energy management approach [158]. It uses
rechargeable batteries (RBs) to ensure cost-effective privacy for EVs,
improves scheduling efficiency, and enables accurate billing. The GA
based method also accelerates convergence compared to traditional
Q-Learning RL methods. As mobile energy storage capable of V2G,
EVs offer a solution for power supply fluctuation. To maintain the
safety and stability of multi-microgrid systems, [173] formulates a
coupled system, considering the dynamic behavior of EVs users as
constraints. An enhanced robust model predictive frequency control
strategy for multi-microgrids incorporating EVs is proposed, which
reformulates the control process into linear matrix inequalities (LMIs).
The results indicate that the proposed strategy effectively mitigates
frequency fluctuations and achieves a faster response time. [163] takes
renewable energy into consideration, aiming to improve solar power
generation (SPG) forecasts. To handle the variability in solar energy
and charging station conditions, the V2G operation is formulated as
a Markov decision process, with deep reinforcement learning used to
adaptively correct SPG forecast errors. A significant reduction in mean
squared error is achieved compared to scenarios without V2G, shows
the reliability and efficiency of renewable energy integration.

4.7. Optimization of distribution network

In V2G systems, distributed networks play a crucial role, involving
the coordination among multiple electric vehicles, grid infrastructure,
and regional control systems [174]. In [155], the authors address
the problem of routing EVs with constraints on load capacity, time
windows, and V2G energy supply (CEVRPTW-D). The research intro-
duces QuikRouteFinder which leverages reinforcement learning for EVs
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Fig. 7. Schematic diagram of multi-agent reinforcement learning for scheduling optimization in V2G distributed networks. Using the CTDE training paradigm, each agent consists
of an actor network and a critic network, which can be composed of Multi-Layer Perceptrons (MLP), Gated Recurrent Units (GRU), and Fully Connected (FC) layer modules. During
training, agents achieve centralized training by sharing observation state information with each other, followed by distributed execution based on the trained policies.

routing, by balancing multiple system objectives in CEVRPTW-D, a
distribution network with many customers and discharge stations can
be coordinated simultaneously. The paper [175] focuses on optimizing
strategy of coordinated EVs charging. Firstly, it models EVs owner
behaviors by Monte Carlo Simulation (MCS), including arrival and
departure times, parking duration, and battery capacity. Then the
objective function is optimized with the Opposition-based Competitive
Swarm Optimizer (OCSO) algorithm to achieve an optimal charging
schedule, aiming to minimize daily load variance and flatten the load
curve. This method reduces load variance and demonstrates a flat-
tened load curve. [159] presents a DRL approach to optimize EVs
charging scheduling and voltage control in a coordinated manner. The
strategy of DRL is structured in two layers, the upper layer focuses
on reducing power generation costs and energy consumption costs,
while the lower layer maintains voltage stability in the distribution
network. The problem is formulated as a MDP, given the dynamic
state space and mixed action outputs, a DDPG framework is used
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to train a two-layer agent. The method of two layers effectively co-
ordinates EVs charging and stabilizes the voltage in the distribution
network. Multi-agent reinforcement learning is often considered an
effective approach for solving scheduling optimization in V2G dis-
tributed networks, as shown in Fig. 7, and holds great potential for
development. To overcome limitations such as EVs profitability, EVs
transportation timeliness, and the high costs of central servers, a Multi-
vehicle Joint Routing and Charging-Discharging Decision algorithm
(MJRCDD) based on reinforcement learning is proposed [164]. In a
MDP formulation, the charging and discharging behavior is integrated
with route selection within the vehicle action space. Then multi-agent
reinforcement learning is used to solve the joint routing together with
charging decision. The MJRCDD’s effectiveness is validated by PeMS
data, demonstrating its capability to optimize EVs routing and energy
management in V2G scenarios. In solving lack of secure and cost-
effective access to real-time EVs trading data, a Secure V2G-Energy
Trading (SV2G-ET) scheme is proposed [156]. Utilizing deep Q-network
to schedule EVs charging and discharging, while Ethereum Blockchain
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Technology (EBT) like InterPlanetary File System (IPFS) and smart
contracts (SC) to securely manage and access real-time EVs trading
data. The SV2G-ET scheme enhances scalability of distribution network
and reduces ET data storage expenses.

4.8. Cybersecurity defense

In the V2G system, different nodes need to be comprehensively
considered and deployed for cybersecurity defense to ensure the overall
security and stability of the system. Firstly, endpoint devices such as
electric vehicles and charging stations are one of the focal points of
cybersecurity defense. These devices need to be protected from physical
attacks and malware infections. Specific security measures include
device authentication, data encryption, regular security updates, and
intrusion detection systems. These measures ensure that only authen-
ticated devices can access the system and that transmitted data is not
intercepted or tampered with [176,177], or through predictive methods
to mitigate the impact of denial-of-service (DoS) attacks [95].

Current Electric Vehicle Charging Stations (EVCS) face several chal-
lenges in maximizing profits, including insufficient data processing,
inaccuracies in dynamic environment modeling, and the risk of oper-
ational data privacy breaches. Lee et al. [55] proposed an innovative
privacy-preserving distributed deep reinforcement learning framework.
This framework employs the soft actor—critic algorithm and integrates
joint reinforcement learning strategies to effectively maximize profits
under a dynamic pricing mechanism, incorporating smart EVCS, photo-
voltaic, and energy storage systems while strictly ensuring the privacy
and security of charging data.

Secondly, at the network layer, it is equally important to protect
the integrity and confidentiality of data transmission to prevent man-in-
the-middle attacks and DoS attacks. To achieve this, techniques such as
encrypted communication, firewall and router configuration, intrusion
prevention systems (IPS), and network segmentation can be used. These
measures effectively filter malicious traffic, block unauthorized access,
and ensure the security of data transmission [178].

To ensure the security of the frequency control communication
architecture in V2G systems, researchers have employed integral re-
inforcement learning technology to develop an adaptive frequency
control model. This model is capable of flexibly responding to at-
tacks of varying intensities, with its core objective being to minimize
frequency deviations and mitigate the potential negative impacts of
DoS attacks [32]. Through this innovative approach, researchers have
provided robust security assurance for the stable operation of V2G
systems.

Additionally, at the central processing nodes, such as control centers
and data centers, the focus of cybersecurity defense is to protect systems
that store and process data, preventing data breaches and destruc-
tion. Specific security measures include access control, data backup,
log monitoring, and multi-factor authentication. By strictly controlling
access to sensitive data and systems, ensuring that only authorized
personnel can access them, and regularly backing up important data
while monitoring system activity logs, the system can trace and analyze
security incidents when they occur.

Sun et al. [56] proposed a multi-step predictive reinforcement learn-
ing V2G control (MPRLC) scheme to accurately predict multiple control
steps that are blocked by DoS attacks, thereby enabling the V2G-FR
controller to adapt in advance to changes in the power system.

In terms of privacy protection, researchers have addressed the data
privacy issues of the interaction between electric vehicle users and
the power grid in the V2G system by proposing an efficient federated
reinforcement learning framework [157]. This framework uses small
auxiliary batteries to generate noise to mask the real energy demands
of electric vehicles and employs deep Q-learning strategies to optimize
costs and privacy rewards, thereby effectively enhancing the system’s
privacy protection capabilities.
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These measures, when implemented comprehensively across differ-
ent nodes, can effectively enhance the security and stability of the V2G
system. Future research should continue to explore how to achieve
seamless collaboration between these nodes to further improve the
system’s defense capabilities. In addition, researching effective defense
strategies to address the ever-changing cybersecurity challenges is also
crucial.

5. Challenges for reinforcement learning in V2G

Despite the remarkable achievements of reinforcement learning in
the field of V2G applications, the rapid evolution of V2G technology
has led to increasingly unstable environments and a significant increase
in spatial complexity [17,20]. These challenges undoubtedly bring
more complex and arduous tasks for the application of reinforcement
learning in the V2G field. In this section, we will delve into the
core challenges faced by reinforcement learning in V2G applications,
categorizing them by type such as grid fluctuation, cost optimization,
and so on, from both the application and technical perspectives, and
meticulously analyze the nature and impact of these challenges, as
shown in Table 3.

5.1. Grid fluctuation

The fluctuations and instability of the power grid pose significant
challenges to the promotion of V2G technology [196-198], mainly
in two aspects: Firstly, the large-scale discharge of electric vehicles
in a short period of time can easily cause huge fluctuations in the
grid, leading to an increase in the peak-valley difference of grid load,
thereby affecting the stability and power quality of the grid. Secondly,
the disordered charging behavior of electric vehicles may exacerbate
the burden on the grid during peak periods, causing an imbalance
between power supply and demand, and increasing the complexity and
uncertainty of grid operation. For reinforcement learning, the challenge
brought by grid fluctuations lies in the need to identify and respond
to rapidly changing grid conditions in real-time, which places higher
demands on the adaptability and learning capabilities of the algorithm.
At the same time, when dealing with grid fluctuations, reinforcement
learning must also overcome the incompleteness of data and the uncer-
tainty of predictions, factors that collectively increase the difficulty of
optimization for reinforcement learning.

Addressing the fluctuation issues in electric vehicle charging man-
agement within V2G technology, researchers [28] propose a reinforce-
ment learning method based on Deep Q-Networks, which learns the
optimal charging strategies to adapt to the uncertainty of electric-
ity prices and the heterogeneity of vehicle usage patterns, signifi-
cantly reducing power costs and improving charging efficiency. To
achieve collaborative optimization of power grid frequency deviation,
this paper [30] proposes a Switching Integral reinforcement learning
(SIRL) scheme, which effectively addresses the dynamically asymmetric
frequency regulation capacity issue by integrating V2G control with
power plant frequency control. In [179], researchers propose a charging
control strategy based on deep reinforcement learning, utilizing its
perception and learning abilities to address the uncertainties of wind
power fluctuations and user demand, thereby optimizing the charging
process of electric vehicles. Experimental results show that the strategy
can effectively converge in uncertain environments and meet charging
requirements, while also allowing users to flexibly adjust charging
times. To cope with the randomness and uncertainty caused by the
integration of distributed energy sources and electric vehicles in V2G
microgrids, researchers [53] have developed an optimized scheduling
strategy for electric vehicle microgrids driven by deep Q-learning. By
utilizing the real-time learning and experience replay of reinforcement
learning, this strategy effectively optimizes the charging and discharg-
ing behaviors of electric vehicles in the microgrid. This article [139]
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Table 3
Summary of the challenges faced by reinforcement learning in V2G applications.
Challenges Level Participants Year |Paper Specific issues
2021 |A Yang, et al. [179] ! Optimization of charging control strategy. Uncertainties of wind power
’ output and user demand. Complex dynamic environmental interference.
" Randomness and uncertainty of distributed energy sources in V2G microgrid.
Grid fluctuation Power grid 20221 Y Wen, et al. [53] Nonlinear influence caused by the mobility of EVs and the periodicity of user
behavior.
X Hao, et al. [28] ¥ Uncertainty of electricity prices in V2G systems. Heterogeneity of vehicle
N .
usage patterns. Sensitivity.
X Song, et al. [30] " Collaborative optimization of power grid frequency deviation. Dynamically
asymmetric frequency regulation capacity issue.
2020 | NBG Brinkel, et al. [60] ¥ Minimizing the cost and carbon dioxide emissions of electric vehicle charging.
’ Reduction in V2G charging costs. Multi-objective optimization.
Application ) Optimi distributi fei : ~
ptimize energy distribution decisions in V2G. Improve long-term average
Cost optimization Aggregator P Zhang, et al. [91] . . R ..
returns and cost-effectiveness ratio. Minimize the electricity cost.
M Yavuz, et al. [28] " Reduction in overall energy costs. Enhance the energy self-sufficiency rate
of charging stations.
S Wen, et al. [180] ' Uncertainty of battery degradation. Estimation of battery health status in
N .
V2G. Interpretability.
Degradation of battery MM Shibl, et al. [181] " Electric vehicle charging management strategy. Efficient and sustainable
’ charging modes. Effectiveness and robustness.
EVs users J Xie, et al. [182] " Health status of the battery. Rewards based on battery health information.
Battery long-term performance.
L Yan, et al. [183] ! Uncertainty of the EVs charging demand Analysis of Dynamic. User
Charging and Discharging Behavior. The optimal sequential charging decision.
User behavior analysis T Zhu, et al. [184] " The impact of user charging behavior on V2G system. ~ Balance power control
’ and incentive consumption. User service experience.
Maen: L [1 ser Commute Behavior Analysis. arging preference. educing
J Maeng, et al. [185] ) User C Behavior Analysi Chargi fi Reduci
charging cost and maximizing the use of EVs battery.
" Learning efficiency of electric vehicle charging control strategies. Sparse
2020 |F Zhang, et al. [186] rewards in charging and discharging phases. Optimal exploration of charging
control strategies.
2020 |L Hou, et al. [187] " Design of the reward function. Exploration of dynamic electricity pricing
. optimization strategies.
Sample efficiency ¥ The computational efficiency of V2G optimization problems. The learning
2022 | 7 Ye, et al. [188] efficiency of charger control strategies. Scalability in different charging
scenarios.
N Kumar, et al. [189] " Computational efficiency of large-scale V2G infrastructure data. Learning
Technology / efficiency in high-dimensional state spaces.
M Yavuz, et al. [190] ! Efficient learning from small-scale sampled data.  Scalability.
2021 |A Omara, et al. [191] " Data integrity attacks in V2G. Charging Service Stability. V2G System
vulnerabilities.
Cyber attack A Novak, et al. [192] " Security of V2G systems and electric vehicle owners. Physical tampering.
Replay attacks.
J Sun, et al. [95] " DoS attacks in V2G. Effectively compensate for control signals interfered
by attacks.
2022 |I Beil, et al. [193] " Increasing user engagement. Design of attractive reward mechanism.
! Complexity and variability of the real V2G environment. High-risk trial-
Real-world deployment P Prakash, et al. [194] and-erro? cosg v ¢
M Javed, et al. [195] ¥ Privacy-preserving protocol for V2G. Stability and reliability over long-term
operation.

effectively addresses the uncertainty and fluctuations in V2G by de-
signing a reinforcement learning-based model predictive control (MPC)
strategy, which combines DDPG with MPC in a dual-layer controller
to enhance the robustness and responsiveness of the frequency control
process in multi-microgrid systems.

Although reinforcement learning methods have shown excellent
performance in Grid fluctuation applications, they are limited by the
need for a large amount of high-quality data for effective training. Re-
inforcement learning models, especially deep reinforcement learning,
need to be thoroughly trained in various scenarios to learn robust and
generalizable strategies. High-quality data ensures that the model is
exposed to a complete state and action space during training, enabling
it to handle various uncertainties and fluctuations in the real-world
environment. However, in practical applications, collecting and label-
ing sufficient high-quality data is both costly and time-consuming. This
data requirement becomes a key challenge limiting the application of
reinforcement learning methods in Grid fluctuation scenarios.

5.2. Cost optimization

The cost optimization of V2G technology is a key factor in its
widespread application, as it helps reduce energy consumption and
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operating costs while enhancing the flexibility and economic benefits of
grid dispatch [199-201]. However, in the process of cost optimization
for V2G systems, factors such as electric vehicle battery technology,
the layout and capacity limitations of charging infrastructure, and the
constant changes in grid regulations and policies are all key complex
factors affecting cost optimization. In addition, the uncertainty of mar-
ket electricity prices and the volatility of renewable energy also pose
additional challenges for the cost optimization of V2G systems. In this
context, reinforcement learning algorithms face severe challenges, as
they must continuously adapt and update strategies to cope with these
dynamic changes and uncertainties, thereby ensuring the sustainability
and effectiveness of cost optimization. In order to minimize electric-
ity costs, researchers [202] have proposed an agent model based on
deep reinforcement learning by combining Virtual Network Embedding
(VNE) and DRL algorithms. This model can adaptively perceive envi-
ronmental characteristics and optimize energy distribution decisions,
significantly improving the long-term average revenue and benefit—
cost ratio of V2G applications, effectively addressing the V2G cost
optimization issue. In [190], researchers utilize deep reinforcement
learning with multi-double deep Q-network (DDQN) agents to optimize
energy management in V2G systems for peer-to-peer (P2P) energy
trading, resulting in a significant reduction in overall energy costs and
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an increase in self-sufficiency rate. By formulating the environment as
a Markov decision process, the method effectively eliminates the com-
plexities and uncertainties in energy management, achieving notable
cost savings. Addressing the trade-off between minimizing the cost and
carbon dioxide emissions of electric vehicle charging, this article [60]
proposes a method using reinforcement learning for multi-objective op-
timization. By considering V2G, battery degradation, and transformer
capacity, it achieves a significant reduction in V2G charging costs while
maintaining low computational costs. Additionally, the study shows
that under increased transformer capacity limits, the additional costs
or emission benefits of electric vehicle charging do not exceed the
expenses and emissions associated with enhancing the power grid itself.

As V2G technology and the market continue to rapidly develop, the
environment will become increasingly complex, posing even greater
challenges for reinforcement learning in the optimization of V2G costs,
necessitating the continuous evolution and enhancement of algorithms
to adapt to this growing complexity.

Although reinforcement learning performs excellently in V2G cost
optimization, its limitations cannot be ignored. RL models face sta-
bility issues in dynamic environments and uncertain electricity prices,
which can lead to slow strategy updates. These limitations need to be
continuously addressed and improved in future research.

5.3. Degradation of the battery

As the number of charging and discharging cycles for electric ve-
hicles increases, the degradation of battery has become a significant
barrier to inhibiting electric vehicle users from participating in V2G
interactions [61,203-206]. How to optimize the management of battery
charging and discharging to enhance battery efficiency while maximiz-
ing user profits is a key challenge currently faced in the development of
V2G technology. In order to mitigate the impact of battery degradation,
researchers [181] propose an innovative electric vehicle charging man-
agement strategy based on deep reinforcement learning technology.
This strategy simulates charging facilities as a learning environment,
with users playing the role of learning agents. The strategy comprehen-
sively considers fast charging, regular charging, and V2G applications
affected by battery aging. Extensive testing with actual electric vehicle
charging data has confirmed the system’s effectiveness and robustness
in ensuring the stability of the power distribution network and meeting
user charging needs. This solution ingeniously incorporates consid-
erations for battery degradation within the reinforcement learning
framework, aiming to coordinate the needs of electric power compa-
nies and electric vehicle users for efficient and sustainable charging
modes. The deep reinforcement learning framework proposed by re-
searchers [182] for EVs prosumer scheduling effectively balances the
autonomy of electric vehicles with the implementation of grid policies,
while considering the health of the battery. By dynamically adjusting
the feasible operating range of voltage and current to optimize schedul-
ing, the framework can improve charging efficiency without sacrificing
battery life. The training reward mechanism takes into account the
operational costs of electric vehicles, incentives from the power grid,
and rewards based on battery health information to ensure long-term
battery performance.

In the deep development of V2G technology, facing the continuous
progress of battery technology, one of the key challenges will be how to
adjust and optimize reinforcement learning models so that they can bet-
ter adapt to the unique characteristics of new types of batteries, thereby
accurately predicting and effectively addressing battery degradation
issues. Meanwhile, the diversity and complexity of electric vehicle
charging scenarios require that reinforcement learning algorithms must
be continuously improved to more effectively handle various uncer-
tainties and nonlinear challenges in the battery degradation process.
Furthermore, as the mode of electric vehicle charging continues to
innovate, reinforcement learning strategies need to be updated in sync
to adapt to the impact of new charging behaviors on battery health
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status [180].

Reinforcement learning for optimizing EV battery charging and
discharging management may involve users’ private data, which needs
careful handling. Sensitive data must be dealt with cautiously to ensure
privacy. Additionally, the training process may be susceptible to ma-
licious data contamination, potentially leading to ineffective training
results. The computational requirements for handling large numbers of
users must also be considered. These topics will be discussed in detail
in the subsequent sections.

5.4. User behavior analysis

The importance of user charging and discharging behavior analysis
in the V2G field lies in its ability to uncover the deep-seated patterns
and habits of electric vehicle usage [207,208], providing the power grid
with valuable foresight and regulatory capabilities, thereby achieving
a balance in grid load and optimizing the allocation of electrical
resources. Additionally, by incorporating other human behaviors, such
as human mobility, as an auxiliary validation method for user behavior,
human mobility analysis already has excellent predictive models. V2G
is highly correlated with such information, and by integrating this
information, the model’s expressive power can be enhanced [209-211].
At the same time, the application of reinforcement learning in this
field faces challenges such as accurately capturing the dynamics and
diversity of user behavior, designing effective reward mechanisms to
guide the learning process, and ensuring the robustness and safety of
the algorithms in practical applications.

In order to finely analyze the specific impact of electric vehicles
on V2G microgrid loads during charging and discharging processes, re-
searchers [184] have developed a novel model-free learning algorithm.
The algorithm indirectly guides user behavior by displaying price-
linked incentives at charging stations. To enhance the flexibility of the
strategy’s implementation, it employs a two-layer optimization frame-
work combined with primal-dual theory, using reinforcement learning
to balance power control and incentive consumption, thereby maximiz-
ing the improvement of user service experience. Rigorous theoretical
analysis has confirmed that the algorithm possesses bounded sub-
optimality, and simulation experiments have verified the significant
effectiveness of the two-layer optimization framework in optimizing
V2G systems. In addressing the analysis of dynamic user charging and
discharging behavior, researchers [183] have developed a model-free
deep reinforcement learning approach that learns the optimal charging
control strategy through interaction with a dynamic environment to
solve the electric vehicle charging scheduling problem considering dy-
namic user behavior and electricity prices. By adopting the continuous
soft actor—critic framework and combining stages of supervised learning
and reinforcement learning, this method has demonstrated its signif-
icant effectiveness in dealing with dynamic user behavior at various
charging locations. In [185], the authors employ a model-free rein-
forcement learning approach to learn the optimal charging/discharging
decisions of electric vehicle users, by analyzing their dynamic behav-
iors, charging preferences, and energy demands to optimize charging
strategies and maximize battery utilization. Experimental results in-
dicate that this method effectively considers the uncertainty of user
behavior, thereby reducing charging costs and improving the efficiency
of electric vehicle batteries.

Although the aforementioned research has made significant progress
in the analysis of user behavior in V2G, reinforcement learning still
faces challenges in handling large-scale heterogeneous user data and
improving the real-time response capabilities of algorithms. Moreover,
ensuring the long-term stability and adaptability of the algorithms in
the face of variable market conditions and changes in user behavior is
also a serious issue.
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5.5. Sample efficiency

Sampling efficiency is a key challenge in the application of rein-
forcement learning to V2G, as it requires a large amount of interaction
data to learn effective strategies, which is time-consuming and costly
in practice. Furthermore, the dynamic and complex nature of the V2G
environment exacerbates the issue of sampling efficiency [212,213],
making it difficult for algorithms to quickly adapt to the ever-changing
market and grid conditions. To enhance the learning efficiency and
reduce the cost of trial and error for the algorithm in the optimization of
charging scheduling problems, researchers have proposed a Centralized
Allocation and Decentralized Execution (CADE) reinforcement learning
framework [188]. By utilizing shared experience replay memory, this
enables chargers to learn in parallel and optimize charging strategies,
significantly improving sampling efficiency and learning efficiency,
while also enhancing the scalability of the algorithm. To overcome
the constraints of environmental uncertainty on the performance of
multi-target charging control, in [186], the authors model the charg-
ing control as an MDP and apply the CDDPG algorithm, significantly
improving the efficiency of policy learning. By using LSTM networks to
analyze historical data, the identification of key patterns is accelerated,
thereby speeding up the learning process. Moreover, by introducing
Gaussian noise and a dual-buffer mechanism, the issue of sparse re-
wards is effectively addressed, further enhancing the efficiency of
sampling.

Despite the extensive efforts made in previous research to improve
sampling efficiency, reinforcement learning still faces numerous chal-
lenges in enhancing sampling efficiency within the diverse application
scenarios of V2G. Particularly, the unpredictability brought by dynamic
environmental changes forces the algorithm to continuously adapt,
which increases the complexity of the learning process. Additionally,
existing technologies are limited in efficiency when dealing with real-
time data from large-scale V2G systems, urgently necessitating further
optimization of algorithms to alleviate the computational burden of
high-dimensional state spaces [189]. Moreover, how to utilize limited
interactive data more effectively while maintaining learning efficacy
remains a key issue to be addressed in the field of reinforcement learn-
ing for V2G [190]. Ultimately, precisely designing reward functions is
crucial to the performance of the algorithm, which typically requires
a deep understanding of the V2G domain and is accomplished through
continuous experimentation and adjustment [87,187].

5.6. Cyber attack

Cyber attacks pose a significant threat to V2G systems, potentially
leading to power supply interruptions, data leaks, and system paral-
ysis [214-216]. In [191], the researchers point out that as electric
vehicles are integrated as mobile energy storage units in smart grids,
data integrity attacks have become a serious issue in V2G applica-
tions, which could significantly impact the operation of the system.
In addition, Denial-of-Service (DoS) attacks pose a serious threat to
the performance of grid frequency regulation based on V2G technol-
ogy [56]. The challenges in defending against such attacks mainly
include: the scale and speed of attack traffic often exceed the capabil-
ities of traditional defense systems, and attackers may exploit system
vulnerabilities to launch more covert attacks, making it difficult for
defensive measures to be updated in a timely manner to counter new
threats. Additionally, researchers [192] have pointed out that attack
threats such as Eavesdropping, Man-in-the-Middle Attacks, Physical
Tampering, and Replay Attacks severely impact the security of V2G
systems and electric vehicle owners, necessitating urgent development
of robust security measures to safeguard against these vulnerabilities.

In addressing the aforementioned cyber threats in V2G systems,
reinforcement learning faces challenges such as how to quickly identify
abnormal behaviors, design effective defense strategies, and maintain
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learning efficiency in unstable environments. In addition, reinforce-
ment learning models also need to overcome the difficulty of maintain-
ing adaptability and robustness in the face of constantly evolving attack
patterns. At the same time, reinforcement learning must enhance the in-
terpretability of the model to ensure that the logic of defense decisions
can be clearly articulated. Furthermore, reinforcement learning needs
to integrate interdisciplinary knowledge during the implementation
process to enhance comprehensive defense capabilities against cyber
attacks.

5.7. Real-world deployment

Although reinforcement learning has achieved remarkable results
in scheduling decisions in the V2G field and shown great potential
for application, its deployment in real-world environments still faces
numerous challenges [217-219]. Firstly, the complexity and variability
of the real V2G environment lead to deviations between simulated
training and practical application, and any missteps in model decision-
making could result in unstable power supply or damage to electric
vehicle batteries [194], a high-risk trial-and-error cost that is not
tolerable. Secondly, the demand for real-time decision-making sets
stringent requirements for the computational capabilities of reinforce-
ment learning models. In addition, the application of reinforcement
learning in V2G systems must adhere to the constraints of policies and
regulations, such as the rules of the electricity market and battery safety
standards. Meanwhile, increasing user engagement is also a significant
challenge [193,200], requiring the design of more attractive reward
mechanisms while protecting privacy [195]. Ultimately, the model
needs to maintain stability and reliability over long-term operation to
ensure the sustained functioning of the V2G system.

In response to these challenges, the application of reinforcement
learning in real V2G environments needs to adopt more efficient train-
ing strategies [212], such as combining offline pre-training with online
fine-tuning, to enhance the model’s generalization ability. At the same
time, the development of real-time response algorithms is required
to meet the V2G system’s demand for immediate decision-making. In
addition, strict data privacy and security protection measures must
be implemented, and continuous monitoring and evaluation of the
model’s performance are necessary to ensure its stability and reliability
in long-term operation.

When deploying, it is essential to consider real-world latency issues
and hardware limitations. For the previously mentioned applications,
such as distribution network optimization and bidding strategies, which
have large-scale and spatiotemporal characteristics, overall efficiency is
crucial. These problems usually do not change frequently after initial
computation, so during usage, reinforcement learning models with
larger parameters can be chosen to improve training accuracy without
worrying too much about latency and hardware limitations. For opti-
mal scheduling and pricing strategies involving individual car owners’
decisions, due to hardware limitations, information security, computa-
tional resource allocation, and efficiency become particularly critical.
Therefore, it is not suitable to use complex reinforcement learning
algorithms locally. Instead, sharing training parameters through the
cloud and then deploying them to users’ personal hardware devices
can improve efficiency and reduce the burden on local hardware.
For tasks requiring real-time resource allocation, such as collaborative
grid frequency control, multi-energy microgrids, and energy storage
scheduling, which involve complex real-world frameworks, it is nec-
essary to consider both the representation capabilities of reinforcement
learning models and the real-time nature of communication. To en-
sure efficiency while reducing communication, suitable reinforcement
learning frameworks (such as transformer models to capture temporal
changes in data and MARL frameworks to simulate real-world frame-
work distribution) can be used to solve these problems. Additionally,
in model training, soft constraints on communication data transmission
(such as adding communication volume indicators as part of the loss
function to reduce the model’s demand for communication volume)
can be implemented to achieve communication efficiency optimization
while ensuring accuracy.
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Fig. 8. Future research directions to overcome challenges in reinforcement learning for V2G.

6. Future research directions

As reinforcement learning continues to develop, its powerful com-
patibility is demonstrated through its combination with different meth-
ods. It can serve as the main component of training and assist in
enhancing other methods. In the V2G context, reinforcement learning
has already shown feasible applications in various scenarios. These
applications can be further improved if combined with more novel
methods.

In this section, we consider the existing issues in V2G and, based on
these issues, summarize some of the current cutting-edge reinforcement
learning algorithms. According to the characteristics of these methods,
we explore their potential applications in V2G scenarios. We hope that
this paper will not only advance the development of reinforcement
learning itself but also promote its practical application, especially in
the V2G domain. Fig. 8 describes the potential challenges V2G may
face and the cutting-edge reinforcement learning algorithms that can
be applied to address them.

The subsequent sections will discuss various directions of reinforce-
ment learning, including explaining reinforcement learning, inverse
reinforcement learning, and many other reinforcement learning meth-
ods. These sections will showcase the advantages and disadvantages of
each direction and their potential applications in the V2G field.

It is important to note that the classifications in this paper do not
rigorously cover all the cutting-edge aspects of reinforcement learning.
However, we discuss some of the forefront technologies in these areas
and the problems they are suited to solve. When addressing V2G, we
will analyze the specific problems that different reinforcement learning
approaches are best suited to tackle. We hope this will be beneficial for
future research.

6.1. Explaining reinforcement learning

In the process of promoting and implementing V2G systems, ex-
plainability is crucial for enhancing investor confidence and user trust.
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In reinforcement learning, causal explainability aims to elucidate the
decision-making process and behavior of agents through causal re-
lationships. This approach not only focuses on the actions taken by
the agent in specific states but also on how these actions influence
environmental variables through causal chains, ultimately leading to
rewards or outcomes. We hope that this explainability can help people
understand why an agent makes certain decisions, thereby improving
reinforcement learning algorithms through these explanations. This can
enhance the overall safety and controllability of the system. Addition-
ally, such explainable methods can increase user trust [220], which
is extremely important both from practical application and societal
perspectives.

For V2G systems, we aim to ensure that while businesses and
individuals benefit, the stability of the power grid remains unaf-
fected. [221] demonstrates the feasibility of explainable reinforcement
learning in large-scale applications. We speculate that explainable
reinforcement learning can also be applied in the deployment of V2G
systems to assist in decision-making. By employing explainable rein-
forcement learning, we can enhance the acceptance and trust in V2G.
Businesses can confidently invest more funds based on the insights
provided by intelligent agents, and the public can safely use the V2G
network to increase their earnings, thereby facilitating the adoption of
V2G. Regarding grid stability, grid operators can use explainability to
understand the behavior of intelligent agents in maintaining the grid
and improve their decision-making processes to reduce grid fluctuation.
We believe that explainable reinforcement learning can ensure stable
operation and increase overall profitability in the construction and
utilization of V2G systems. COViz [222] analyzes user behavior to
generate multiple behavior chains, broadening explainability and help-
ing people understand the reasons behind different decisions during
the charging and discharging process. SVERL [62] improves upon
traditional Shapley values and proposes a new algorithm to explain
agent performance. It anticipates that meaningful explanations can be
generated across various domains, aligning with and complementing
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Table 4
Summary of future research directions in reinforcement learning for V2G.
Potential applications
Algorithm Year Paper
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efficiency the battery optimization analysis 4

2021 J. Druce et al. [220]

Explaining reinforcement learning Kravaris et al. [221]
Y. Amitai et al. [222]

Beechey et al. [62]

2016 Y. Dan et al. [223]

Meta reinforcement learning .

2020 | Y. Tianhe et al. [224]
H. HongCai et al. [63]
2000 | Andrew Y. et al. [225]

2021 S. Arora et al. [226]

Inverse reinforcement learning

R. Serra et al. [64]

Metelli et al. [227]

Swamy et al. [228]
1999 | Thomas G. et al. [229]

Hierarchical reinforcement learning

H. Buysse et al. [230]

Z. Hailong et al. [65]

1. Jendoubi et al. [231]

L. Kun et al. [232]

2017

Chelsea Finn et al. [233]

Imitation learning and RLfD
2019

J. Mingxuan et al. [234]

Zare et al. [235]

2017

Barret Zoph et al. [236]

2018

Graph reinforcement learning

V. Zambaldi [237]

J. Fan et al. [238]

Munikoti et al. [239]

LLM with reinforcement learning

J. Wen et al. [240]

L. Wen et al. [241]

Caldwell et al. [242]

2017

Other reinforcement learning

C. Finn et al. [243]

J. Dai et al. [244]

Metcalf et al. [245]

D. White et al. [246]

Z. Zhu et al. [247]
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human intuition. These allow companies to offer various V2G solutions

based on user preferences, thereby increasing public trust in V2G.

Currently, although explainable reinforcement learning has im-
proved interpretability and made it easier for humans to understand, its
performance is often affected. When using this method, it is important

to consider the balance between interpretability and performance.

6.2. Meta reinforcement learning

In the deployment and usage of V2G systems, strategies often en-
counter different environments with similar distributions. Therefore,
scalability and generalizability of these strategies are crucial. In Deep
Reinforcement Learning (DRL), learning algorithms rely heavily on
extensive interactions between the agent and the environment, leading
to high training costs. When the environment changes, previously
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learned optimal strategies become obsolete, necessitating retraining for
the new environment. Meta-reinforcement learning [223] introduces
meta-learning, allowing the agent to quickly adapt to new tasks using
historical experience from past tasks with only a few samples from the
new environment. Additionally, as the model evolves, its generalization
capability continues to increase [224].

For enterprises, using reinforcement learning alone to deploy V2G
systems in different regions is highly inefficient. Not only do they
need to undergo repetitive training processes, but data acquisition also
becomes increasingly difficult and costly. Meta-reinforcement learning
can train a more general model that can be adapted to different regions
with minimal samples and training resources, thereby improving sam-
ple efficiency and reducing actual research and operational costs. By
proposing a framework to enhance the generalization of prior experi-
ence, He et al. [63] use Gaussian quantization variational autoencoders
for task context and skill clustering, making it more suitable for V2G
deployment in previously unseen cities.

However, the high generalization capability of meta-reinforcement
learning implies that its training costs are high, the training process
is more complex and unstable, and it requires the precondition that
generalized tasks have the same distribution. Although we generally
assume that within V2G, similar tasks under different conditions still
have similar distributions, if the distributions differ significantly, the
model’s performance may degrade considerably. Alternatively, predic-
tive methods can be employed to mitigate the impact of DoS attacks,
as proposed by Sun et al. [56], who developed a multi-step predictive
reinforcement learning V2G control (MPRLC) scheme to accurately
predict and adapt to changes in the power system caused by DoS
attacks.

This enhanced discussion aims to provide a more comprehensive
understanding of the potential challenges and solutions for deploying
V2G systems using meta-reinforcement learning and other advanced
reinforcement learning methods.

6.3. Inverse reinforcement learning

In V2G systems, directly constructing reward functions often re-
quires significant human and material resources, and the data utiliza-
tion efficiency is relatively low. Inverse reinforcement learning [64,
225] (IRL) aims to infer the reward function of an agent from observed
behavior. Unlike traditional reinforcement learning, IRL deduces the
underlying reward function by observing the agent’s actions. For ex-
ample, in autonomous driving tasks, an agent can infer the reward
function from human driver behavior and then learn strategies based
on this reward function. By learning from expert behavior in different
environments, IRL offers higher interpretability and can be applied to
various settings, providing better generalization. This allows the agent
to adapt more effectively to environmental changes and make optimal
decisions.

Currently, the high generalization and interpretability of IRL make
it suitable for addressing the issue of low sample efficiency in V2G
systems. It also shows potential in optimizing deployment costs and
analyzing user behavior.

However, IRL requires high-quality input data to avoid ambiguity in
the solutions [226]. It necessitates multiple runs of reinforcement learn-
ing algorithms to find the optimal strategy, with computational costs
increasing as the scale grows. These factors make inverse reinforcement
learning unsuitable for addressing V2G issues that require high real-
time responsiveness, such as user explanations and grid fluctuation,
especially in environments with significant and frequent changes. By
framing IRL as the problem of estimating the feasible reward set,
the reward region compatible with expert behavior [227] avoids the
ambiguity in reward selection. By leveraging the state distribution
of experts, Swamy et al. [228] can alleviate the global exploration
component of RL subroutines, theoretically providing exponential ac-
celeration. These advancements suggest that IRL may be capable of
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addressing these V2G issues in the future.

In summary, while IRL currently demonstrates potential in en-
hancing the generalizability and interpretability of models within V2G
systems, it is also associated with high computational costs and requires
a precondition of high-quality data. Future research could focus on
addressing these challenges to further optimize the effectiveness and
applicability of IRL in real-time V2G scenarios.

6.4. Hierarchical reinforcement learning

V2G systems often involve large-scale models, and the issues of
dimensionality explosion and sparse rewards in reinforcement learning
urgently need to be addressed. Hierarchical reinforcement learning
(HRL) decomposes complex reinforcement learning tasks into multiple
sub-tasks, solving each sub-task individually to complete the overall
task [229]. This approach is more effective in handling tasks with long
time spans and complex decision-making. HRL addresses the sparse
reward problem by dividing strategies into different hierarchical sub-
strategies, where each sub-strategy receives rewards passed down from
the higher level during the learning process. This hierarchical structure
not only improves sample efficiency but also reduces computational
complexity, enabling the model to adapt and solve complex tasks more
quickly.

HRL is suitable for solving complex, long-duration tasks [65,232].
In V2G systems, pre-training high-level strategies in different grid envi-
ronments can accelerate the optimization and updating of charging and
discharging strategies in new environments [231]. Additionally, using
HRL models for load prediction and management can enhance grid
stability and efficiency. By predicting user charging behavior through
a hierarchical structure, HRL can optimize grid resource allocation.

Despite these theoretical advantages, designing a reasonable hier-
archical structure and balancing exploration and exploitation across
different levels remain critical issues. Currently, HRL frameworks are
often tailored to specific applications [230]. For V2G systems, the
development of a well-designed HRL framework is still an ongoing
research topic.

The application of HRL in V2G systems presents the potential to
enhance model efficiency and effectiveness, but there are significant
challenges to overcome. Future research should focus on refining HRL
frameworks to address these challenges, ensuring they can be applied
effectively to V2G scenarios. Additionally, exploring how HRL can
be integrated with other advanced techniques to further improve its
performance and adaptability in V2G systems could provide valuable
insights.

6.5. Imitation learning and RLfD

The complexity of V2G tasks makes direct exploration through
reinforcement learning very challenging. Additionally, the high cost
and risk associated with direct exploration can lead to severe con-
sequences. Both imitation learning and Reinforcement Learning from
Demonstrations (RLfD) are techniques that learn from demonstration
data. The former focuses on imitating expert behavior, while the latter
also considers the rewards from the environment. By introducing a
demonstration guidance term into the reward, the agent is guided to
explore like an expert [234,235].

By using imitation learning and RLfD, we can enhance the efficiency
of data learning in models. A common approach to improve learning
accuracy and speed is to initially employ imitation learning followed
by reinforcement learning algorithms. This is particularly effective
in scenarios like V2G, such as grid fluctuation management, where
rapid and efficient learning is required, leveraging the advantage of
large data volumes. For user data filled with impurities (e.g., data
on charging and discharging strategy selection), RLfD [233] can be
effectively utilized.
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However, it is important to note that imitation learning and RLfD
have different application scenarios. Imitation learning heavily relies
on the quality and quantity of expert demonstration data. If the demon-
stration data is imperfect, it may lead to suboptimal strategies. On the
other hand, RLfD can explore and compensate for the shortcomings of
demonstration data through reinforcement learning [248]. For V2G, a
large amount of data is generated daily, but if imitation learning is to
be used, some filtering and cleaning are required. Conversely, RLfD is
recommended for data processing.

6.6. Graph reinforcement learning

In V2G systems, both the grid distribution and the operation dis-
tribution of electric vehicles naturally conform to a graph structure.
Therefore, we can consider introducing graph neural networks (GNNs)
to handle these graph-structured data, thereby improving the general-
ization ability of reinforcement learning models. Graph reinforcement
learning (GRL) mainly has two combination methods: GNN-enhanced
RL and RL-enhanced GNN. GNN-enhanced RL [237,249] utilizes GNNs
to model relationships between agents in multi-agent reinforcement
learning, thereby improving cooperation and competition capabilities.
RL-enhanced GNN [236] employs reinforcement learning for neural
architecture search (NAS).

By modeling these graph-structured data, GRL can better capture
and utilize the relationships and interactions between EVs, thereby op-
timizing the overall system performance. Additionally, GRL has strong
real-time optimization capabilities, making it suitable for network ar-
chitectures to address network attacks [238] in V2G systems, thereby
enhancing system robustness.

However, the GRL model itself is quite complex, leading to high
computational complexity and training difficulty, which may pose chal-
lenges in development and deployment. Although V2G inherently has
a large amount of data, if the data is not cleaned, it may contain noise
and be incomplete, which will affect the final performance of the GRL
model. GRL models usually lack interpretability [239], which may not
be ideal for user-facing decisions.

To address these challenges, future research should focus on sim-
plifying GRL model structures to reduce computational complexity
and enhance interpretability. Moreover, exploring effective data pre-
processing techniques to clean and enrich the data can significantly
improve GRL model performance. Additionally, integrating GRL with
other advanced methodologies could further enhance its applicability
and robustness in V2G systems.

6.7. LLM with reinforcement learning

LLMs are machine learning models trained on vast amounts of text
data for natural language processing tasks. They can understand and
generate human language. In V2G systems, they can be applied to
analyze human behavior and address complex, large-scale issues due
to their superior performance in capturing information over long time
sequences and large data volumes [240].

However, using LLMs requires a substantial amount of labeled data
to achieve good results, which incurs high manual costs for labeling
in V2G. Additionally, deploying large models demands significant re-
sources, making it impractical to generate and deploy a large model
specifically for V2G. There are also concerns about whether the compu-
tational power can meet the real-time processing needs for large-scale
problems. Reinforcement Learning (RL), through interaction with the
environment, can generate large amounts of data with reward values.
Enhancing RL with LLMs can leverage LLMs’ ability to capture spa-
tiotemporal information while using existing models for training, thus
reducing deployment costs [241]. Fine-tuning LLMs with reinforcement
learning is also a common training method [242]. Combining both
methods can improve each other’s representation capabilities, and the
choice of method should be based on specific needs and resources in
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practical applications.

LLMs have high resource demands and are more difficult and costly
to maintain in the face of attacks. When using commercial LLMs
for training, sensitive user data may face privacy and security chal-
lenges [250]. Therefore, using LLMs for security protection is not
recommended.

The high resource demands and potential privacy concerns asso-
ciated with LLMs make them challenging for use in V2G systems.
Future research could focus on developing more efficient and secure
methods to leverage the capabilities of LLMs in V2G applications. This
could involve exploring techniques to reduce the amount of labeled
data required, enhancing the computational efficiency of LLMs, and
addressing privacy and security concerns.

6.8. Other reinforcement learning

Apart from the aforementioned reinforcement learning methods,
there are still many other sub-methods that we cannot cover one
by one. Here, we briefly introduce a few reinforcement learning al-
gorithms that might be applicable in the V2G field. Safe reinforce-
ment learning [244] introduces constrained Markov decision processes
(CMDPs) and employs safety constraints, such as intrusion detection
in cybersecurity, to prevent the selection of unexpected actions dur-
ing the exploration process. Preference-based Reinforcement Learning
(PbRL) [245] and Rating-based Reinforcement Learning (RbRL) [246]
analyze human preference behavior samples to optimize strategies.
PbRL compares different samples to select better strategies, while RbRL
learns and optimizes based on sample ratings. This allows users to train
agents according to their preferences, better planning their charging
and discharging schemes. Additionally, [247] mentions using transfer
reinforcement learning (RL) to transfer knowledge across different
tasks or environments, leveraging previously learned experiences to
accelerate the learning process of new tasks. We hope that in the future,
V2G can utilize these methods to improve its usability and service
experience, thereby promoting the overall development of the V2G
industry.

At the same time, the algorithms mentioned above are not mutu-
ally exclusive. Combining them may improve the performance of the
algorithms to some extent [243]. However, considering the real-time
requirements and model complexity constraints in V2G deployment,
we do not recommend arbitrarily combining these algorithms. It is
essential to select the method that most suitably aligns with specific
requirements. Here, we have provided a brief summary in Table 4 for
easy reference.

7. Conclusion

In this paper, we have conducted an in-depth survey on the ap-
plication of reinforcement learning in the V2G field, systematically
reviewing and analyzing the development progress of reinforcement
learning in addressing the complex scheduling issues in V2G. Based on
the analysis of the development trajectory of reinforcement learning
in the V2G field, a classification framework for the application of
reinforcement learning methods is designed from a structured perspec-
tive. Moreover, from the perspective of different stakeholders, we have
deeply analyzed eight key application scenarios and their effectiveness
of reinforcement learning in the V2G field. This paper also discusses
the main risks and challenges that reinforcement learning faces in V2G
applications from both application and technical dimensions, and offers
targeted solutions and future development directions.

The core contribution of this review lies in filling the gap in the
literature analysis of reinforcement learning in the V2G field. Fur-
thermore, through in-depth analysis, we have revealed the significant
effectiveness of reinforcement learning in mitigating the fluctuations
and disturbances caused by the random integration of electric vehicles
into the grid. This fully demonstrates the efficiency and advantages of
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reinforcement learning in addressing the dynamic uncertainty schedul-
ing optimization challenges in V2G systems, thereby providing valuable
references for enhancing the stability and reliability of V2G systems
during their future large-scale development.

This review provides an important reference for the systematic
analysis of the application of reinforcement learning in the V2G field,
offering strong guidance to researchers and engineers both in theory
and practice. It aims to further attract more attention from readers to
the development of reinforcement learning in V2G scheduling optimiza-
tion, and to collectively promote and enhance the digitalization and
intelligence of V2G systems.
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