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Abstract
Reinforcement learning (RL) is a critical enabler 

for optimizing performance, automating the 
deployment, and increasing the intelligence level 
of 6G networks. In this article, we first identify 
some advanced RL frameworks for diversified 6G 
service scenarios. We then envision RL-based intel-
ligent network management for 6G from three dif-
ferent perspectives: cross-layer end-to-end network 
control for service-oriented software-defined net-
working (SOSDN), cross-network control for glob-
al coverage, and cross-service control for service 
customization. We also present the new challenges 
associated with RL-assisted network management 
in 6G networks and provide potential research 
directions. Finally, we use the smart grid as a typ-
ical 6G application scenario to demonstrate the 
critical role of RL-based methods in capacitating 
intelligent power system management.

Introduction
With the tremendous growth in mobile device 
connectivity and the continuous changes of the 
communications environment, the diversity of net-
work service scenarios, and the complexity of net-
work control in the 6G networks will far exceed 
those of the existing networks. More specifically, 
the 6G networks are foreseen to support:
•	 Global coverage, where the terrestrial commu-

nication network expands into an integrated 
space-air-ground-sea communication network.

•	 Versatile application, where communica-
tions, computing, storage, sensing, artificial 
intelligence (AI), and big data are deeply 
integrated and applied to support various 
vertical applications (e.g., autonomous driv-
ing, healthcare, energy networks, industrial 
IoT, internet of vehicles, etc.).

•	 Utter digitalization, which aims to realize the 
vision of “intelligent connection of every-
thing (e.g., human, machine, things, and 
environment) and digital twins” [1].
However, there are several technical challeng-

es to making the above 6G vision a reality.
Rapidly Changing Environmental Dynamics: 

In 6G networks, users manifest highly differenti-
ated mobility patterns and spatial locations with 
dynamic traffic demands. In addition, the network 
conditions, such as network topologies, link con-
nectivities, and network capacities, also change 
rapidly over time. These dynamics introduce high 

uncertainties and pose significant challenges in 
real-time network management and consistent 
service provisioning. It is difficult to achieve real-
time network adjustments by only relying on tra-
ditional model-based optimization methods, and 
the network operators urgently need new and 
more adaptive network management schemes.

Highly Diverse and Strict QoS Requirements: 
The QoS requirements of 6G services will become 
stricter in terms of peak data rate (Tb/s), user-ex-
perienced data rate (1 Gb/s), end-to-end delay 
(<1ms), reliability (≥ 99.99999 percent), and cost 
efficiency (≥ 500 Gb/$)[2]. These highly diverse 
and strict QoS requirements make it challenging 
to achieve user-centric customized service pro-
visioning. The network operators will need novel 
network architecture and flexible resource man-
agement schemes to satisfy the diversified QoS 
requirements simultaneously.

Extremely Complex Network Control: The 6G 
network will constitute multi-dimensional hetero-
geneous resources (e.g., communication, comput-
ing, caching) on the local server and cloud. New 
6G services demanding higher data rates, lower 
latencies, and a greater number of connections 
will result in a tremendous increase in data vol-
ume and network control complexity. Therefore, 
it is desirable to have a lightweight and natively 
intelligent network architecture to achieve intelli-
gent and simplified network control.

To deal with the aforementioned challenges, 
AI is expected to be deeply embedded into every 
aspect and component of the network stack from 
the physical layer to the application layer. The 
integration of AI will automate the deployment, 
optimize network performance, and improve the 
intelligence level of 6G networks. As a key area of 
AI, reinforcement learning (RL) is a powerful tool 
for achieving intelligent network control in com-
plex dynamic network environments. In RL, net-
work elements (e.g., central controllers, network 
edge nodes, and mobile devices) are treated as 
intelligent agents. These agents behave auton-
omously, and, by interacting with the network 
environment, continuously improve their behav-
ior using reward and punishment mechanisms to  
maximize their accumulated rewards. Through 
effective problem modeling and reward mech-
anism design, the RL framework can enable 
agents to adapt to the dynamic changes of the 
environment quickly.
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Nevertheless, the highly diversified 6G service 
scenarios make a universal RL framework infeasi-
ble. Instead, we have to explore more advanced 
RL frameworks for different network domains, 
performance indicators, and application scenarios. 
For example, federated RL (FRL) can help achieve 
privacy-preserved service provisioning and hierar-
chical RL is expected to realize large-scale deci-
sion-making. By suitable RL framework designs in 
different 6G network domains, the RL-assisted 6G 
network architecture is expected to achieve intel-
ligent resource management, automatic network 
adjustment, and intelligent service provisioning.

In this article, we first identify some advanced RL 
frameworks for diversified service scenarios. Then, 
we envision RL-based intelligent network manage-
ment for 6G from three different perspectives, that 
is, cross-layer, cross-network, and cross-service. 
Finally, we take the smart grid as a typical 6G appli-
cation scenario where RL plays an essential role, fol-
lowed by the final section that concludes this article.

Advanced RL Frameworks for  
Diversified 6G Service Scenarios

A unified RL framework that fits all demands is 
almost unattainable due to the highly diversified 
6G service scenarios and performance indicators. 
For 6G networks, different RL frameworks have to 
be designed and employed in different network 
domains. In the following, we identify several prom-
ising RL frameworks for 6G architecture design.

Federated RL for Privacy-Preserved Service Provisioning
Privacy-preserving is crucial in network manage-
ment in 6G networks. Federated RL (FRL) [3] can 
help achieve privacy-preserved service provision-
ing and speed up the learning process of RL by 
training a shared global model. In FRL, data or 
knowledge obtained by one agent can be trans-
ferred to other agents by policy sharing and policy 
aggregation. This allows the agents to make more 
effective use of the accumulated data of all agents 
while protecting local data privacy. Moreover, 
unlike traditional federated learning (FL), where 
the training data is available at each agent at the 
very beginning, FRL agents obtain their raw data 
by exploring the unknown environment over time. 
Different exploration schemes will generate differ-
ent data samples, resulting in different qualities of 
the global RL model. Upon the optimal trade-off 
between agents’ exploration and exploitation, the 
FRL framework may produce a high-quality global 
RL model that can be shared by all the agents.

Game Theory-Based Multi-Agent RL for  
Fair Network Resource Management

Many real-world applications in 6G networks can be 
modeled as non-cooperative multi-agent RL (MARL) 
problems, where a group of agents with different 
objectives continually interact and learn in a shared 
environment. To guarantee fairness among the 
agents and address the issue of non-unique learning 
goals during the learning process, it is imperative to 
apply game theory to the MARL framework [4].

For different 6G service scenarios, multiple 
equilibrium points at each state may exist, corre-
sponding to different collective behaviors. There-
fore, an equilibrium selection algorithm can help 

choose the most proper equilibrium to achieve 
in each state, which results in a stable learning 
process. Moreover, since equilibrium computa-
tion may involve high computational costs, it is 
essential to design a low-complexity equilibrium 
computation method to achieve the best perfor-
mance-complexity trade-off.

Hierarchical MARL Framework for  
Scalable Large-Scale Decision Making

The 6G networks are foreseen to involve massive 
heterogeneous agents and frequent information 
interactions, leading to high signaling overheads. 
To resolve this issue, we need to design a suitable 
learning framework to reduce the frequency of 
information interactions. The hierarchical MARL 
framework [5] holds great potential to accelerate 
the learning process, improve system scalability, 
and realize large-scale decision-making. Under 
this framework, the agents’ optimal policies can 
be learned in different time granularities. At the 
top level, network-wide management is conduct-
ed at a slow time scale, while at the bottom level, 
agents’ real-time decisions are tuned at a fast time 
scale. Through hierarchical MARL, it is expected 
to significantly reduce the frequency of informa-
tion interactions among the RL agents, which in 
turn reduces the signaling overhead and improves 
the scalability of large-scale 6G networks.

RL-Enabled Cross-Layer Network Control
As a technological foundation of 5G network con-
trol, software-defined networking (SDN) will con-
tinue to play a vital role in designing 6G networks. 
For example, recent research has illuminated a 
trend of introducing SDN-based design to net-
work optimization, such as radio access resource 
management, network request scheduling, and 
proactive caching for content delivery.

Different from state-of-the-art operator-oriented 
network-level service delivery, the development of 
6G will shift the focus toward user-oriented appli-
cation-level service customization. This requires 
6G networks to concentrate on application-level 
performances while supporting diverse scenari-
os, calling for service-oriented software-defined 
networking (SOSDN) with cross-layer network 
control, as illustrated in Fig. 1. Different from 
state-of-the-art SDN, SOSDN introduces a service 
plane above network’s control and data planes, 
to tailor the underlying network administrations to 
distinct application scenarios. To this end, SOSDN 
requires an integrated control protocol across dif-
ferent planes vertically and cooperative resource 
allocations across distinct applications horizontal-
ly. However, SOSDN has two major concerns:
•	 Horizontal heterogeneity, in terms of the 

intrinsic heterogeneity in resource and net-
working across different scenarios.

•	 Vertical discrepancy, in terms of the tension 
between service-level user experiences and 
network-level performances.

For different 6G service scenarios, multiple equilibrium points at each state may exist, corresponding to 
different collective behaviors. Therefore, an equilibrium selection algorithm can help choose the most 

proper equilibrium to achieve in each state, which results in a stable learning process.
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Facing such challenges, we envision RL as a prom-
ising enabler for utterly intelligent cross-layer net-
work control under SOSDN, as explained below. 

Collaborative Control across Heterogeneous Networks
Compared to 5G, a distinct feature of 6G net-
works is the extensive and adaptive cover-
age based on Space-Air-Ground-Sea Networks 
(SAGSN). SAGSN offers two advantages over 
existing network architecture. The first is a joint 
utilization of spectrum resources across existing 
heterogeneous isolated networks. The second is 
an effective collaboration among existing network 
infrastructures, achieved by flexible service cover-
age of space-air networks and dense end-device 
deployment for ground-sea networking.

Despite the advantages, the heterogeneity of 
existing SAGSN also brings tremendous challenges 
to network control for 6G networks. In particular, 
to monitor network dynamics, the development of 
control strategy, and the enforcement of network 
policy. Specifically, to maintain a consistent global 
view, SOSDN in 6G networks needs to monitor the 
dynamics of heterogeneous network infrastructures 
at multiple time scales regarding network topology, 
network failure, and network protocol. The hetero-
geneity implies that the difficulty lies in not only the 
characterizations of uncertain dynamics of differ-
ent networks but also the monitoring strategies for 
each infrastructure. Meanwhile, the heterogeneity 
in communication protocols and transmission tech-
nologies makes it impossible to come up with any 
one-size-fits-all solution for the development and 
enforcement of network policies. To this end, we 
contemplate leveraging model-based RL [6] to cap-
ture network dynamics adaptively and use federat-
ed RL [3] to develop network monitoring strategies 
and keep the updated global view collaboratively. 

Coordinated Optimization across Service/Network Layers

Another feature of the 6G networks is the ver-
satility in performance optimization of appli-
cation-level service across various scenarios, 
leading to potential conflicts between oper-
ator-oriented and user-oriented optimizations. 
Network operators often aim at network-level 
resource efficiency and service quality improve-
ment. However, application-level user demands 
are usually considered independent of network 
traffic. Consequently, traffic optimizations do 
not necessarily lead to user satisfaction. Such 
objective misalignment makes autonomous net-
work administration challenging in SOSDN. An 
alternative to tackling the problem is hierarchical 
multi-agent RL [5]. Specifically, by considering 
network administration as a task performed by 
agents, the RL-enabled master agent orchestrates 
the interplay and network policies proposed by 
two types of agents: one aiming at network-level 
performance optimization and the other optimiz-
ing application-level service quality for users.

RL-Enabled Cross-Network 
Control for Global Coverage

Global coverage is essential to ubiquitous service 
provisioning in 6G networks. However, the existing 
terrestrial networks alone cannot always offer reli-
able, flexible, and cost-effective services because of 
the limitations of scarce radio spectrum resources, 
high operational and maintenance costs, and geo-
graphically-constrained infrastructure deployment [7]. 
The SAGSN, as shown in Fig. 2, integrates terrestrial 
networks with space networks consisting of satellites, 
aerial networks formed by unmanned aerial vehi-
cles (UAVs), and maritime networks with maritime 
unmanned surface vehicles (USVs). The SAGSN is 
cost-effective in supporting global network access 
for widely dispersed users and can flexibly adapt 
to dynamic service demands. However, network 
control in SAGSN encounters challenges caused 
by unparalleled service and device heterogeneity, 
unprecedented data traffic growth, and increasingly 
rigorous service requirements. Therefore, RL-based 
approaches have attracted increasing attention in 
addressing the high dynamics and complexity to 
empower intelligent and efficient network control.

RL-Based UAV/USV Trajectory Planning
In SAGSN, one crucial research direction is to 
leverage the agility and full controllability of 
UAVs and USVs to adapt to service demands and 
improve service quality. Considering that the tra-
jectory planning of UAVs and USVs is a sequen-
tial decision-making process in uncertain network 
environments, RL-based approaches are a natu-
ral fit for UAV/USV control and trajectory plan-
ning problems. In [8], we proposed a hierarchical 
multi-agent deep RL (DRL)-based multi-UAV tra-
jectory planning and resource allocation scheme 
for high-mobility users to maximize the accumula-
tive network throughput while ensuring user fair-
ness. In [9], Nguyen et al. proposed a DRL-based 
UAV trajectory planning algorithm to balance the 
trajectory flight time and total throughput while 
satisfying the QoS constraints. In [10], Su et al. 
presented a USV-aided marine data collection 
network and designed a target-oriented double 

FIGURE 1. Illustration of SOSDN for 6G networks to realize cross-layer control 
through an integrated operation of the service, control, and data planes.
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deep Q-learning-based USV trajectory planning 
algorithm. By applying RL-based approaches, 
each position in the trajectory can be adaptively 
determined to accommodate the spatially and 
temporally-varying service demands.

RL-Assisted Mobility Management
In SAGSN, satellites, UAVs, USVs, and users 
have different mobility patterns, resulting in 
highly dynamic network topologies, intermittent 
network connections, and frequent handovers. 
Thus, efficient mobility management to cope with 
the constantly changing network node positions 
and channel conditions is imperative. RL-based 
approaches have great potential in supporting 
mobility-aware access control and efficient hando-
ver in SAGSN, guaranteeing seamless connectivity 
and uninterrupted service provisioning.

User access and handover control (AHC) prob-
lems are generally modeled as integer or mixed inte-
ger programming problems, which are NP-hard to 
solve. Traditional optimization approaches are often 
too dependent on the system modeling assump-
tions and are inadequate to solve these problems 
due to the excessive problem complexity. RL meth-
ods, without requiring prior knowledge or com-
plete information of the network environment, are 
suitable to address the AHC problems for massive 
users. RL can be adopted for decentralized AHC by 
treating each individual user as an agent, which can 
interact with the environment to learn the charac-
teristics of different network segments (space, aerial, 
terrestrial, and maritime networks) and the optimal 
AHC policy. In this case, each agent independently 
makes decisions to improve its own utility (e.g., to 
maximize throughput or minimize latency) based 
on local network information. Another potential 
solution is centralized RL-based AHC by regarding 
each access point (e.g., terrestrial BS, UAV, or USV) 
or edge controller as an agent, which jointly makes 
decisions for multiple users. In this centralized case, 
the agent needs to collect information from all relat-
ed network components to learn a globally optimal 
strategy to improve network performance. 

RL-Enabled Resource Management
RL-enabled resource management algorithms are 
promising in coping with the multi-dimensional 
resources (for communication, computing, cach-
ing, and sensing) from the space, air, terrestrial, 
and maritime networks in SAGSN. With RL-based 
resource management, the mobility pattern and 
traffic demand characteristics of different network 
nodes can be learned to facilitate precise and 
adaptive resource management. Different from 
supervised learning methods that output the pre-
dicted network environment, RL-based resource 
management methods learn the environment and 
provide the optimal resource management policy 
in a more intuitive fashion.

Resource management in SAGSN needs 
to be conducted with different granularities 
and timescales. For example, flying UAVs have 
fast-changing coverage and communication chan-
nel conditions, thus requiring real-time resource 
allocation decision-making. On the other hand, 
satellite resources allocated to different beams 
should be determined based on the service 
demand within the beam coverage, which needs 
to be adjusted with a relatively long period and 
coarse granularity. RL-based methods enable dif-
ferent granularities for resource management and 
network operation to support multifarious and 
customizable service provisioning in SAGSN. As 
shown in Fig. 3, RL-based resource management 
approaches can adapt to the time-varying num-
ber of users and effectively guarantee diversified 
service requirements, that is, reducing the delay 
of delay-tolerant services and satisfying delay-sen-
sitive services’ delay requirement of 10 ms. 

New Challenges and Potential Research 
Directions for RL-Assisted SAGSN

Despite the great potential of applying RL-based 
approaches in SAGSN network control, various 
technical challenges remain. First, data collected 
from different network segments and operators 
generally have diversified data types, formats, defi-

FIGURE 2. Illustration of the RL-enabled SAGSN.
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nitions, and granularities. Therefore, the difficulty 
and cost of effective data acquisition (including 
data collection, processing, and analysis) should be 
considered for RL-enabled network control. Sec-
ond, the transmission of the tremendous amount 
of data required for RL model training consumes 
enormous bandwidth resources. Techniques such 
as edge computing and FL can be adopted for 
data pre-processing and de-redundancy to down-
size the information exchange, which, however, 
may lead to important information loss. Therefore, 
the trade-off between RL-enabled network control 
performance and bandwidth resource consump-
tion should be investigated. Third, in the large-scale 
and dynamic SAGSN, the RL-enabled approaches 
may suffer from the long training time and heavy 
calculation, especially for centralized RL with large 
action and state space. One potential solution is 
adopting MARL and hierarchical MARL frame-
works to decompose the network system into mul-
tiple regional networks to downscale the action 
and state space. However, the lack of awareness 
of the global network status will lead to contra-
dictory and inefficient decision-making. Therefore, 
the balance of overall performance and network 
operation efficiency and flexibility requires further 
study. Finally, users, UAVs, USVs, and satellites in 
SAGSN may struggle with the RL-based model 
training and inference due to the limited available 
energy and computing resources, which calls for 
the development of lightweight RL algorithms.

RL-Enabled Cross-Service Control 
for Service Customization

The 6G network is expected to be an intelligent 
network for providing user-centric and personal-
ized service customization. RL-enabled cross-ser-
vice control is an important solution to achieve 
agile and flexible 6G service customization. How-
ever, directly deploying RL on network elements 
(e.g., mobile terminals) to realize service customi-
zation may face several significant challenges.

First, the computing resources on the network 
elements are typically limited, which poses severe 
limitations on the scale of RL models and algo-
rithms running on them. Second, the “trial-and-er-
ror” learning mechanism of RL requires the agents 
to interact with the unknown environment fre-
quently to acquire sufficient data for optimal deci-
sion-making, resulting in high communications 
and computational costs. The cost of exploring 
the real network environment increases dramat-
ically as the size of the network increases. Third, 
due to the highly diversified network scenarios, 
obtaining data that covers all possible scenarios 
is extremely difficult. Consequently, the RL model 
may not be able to provide optimal policies due 
to insufficient environmental explorations.

To address the aforementioned challenges, 
RL-enabled cross-service control is envisioned to 
be performed under the network function virtual-
ization (NFV) and digital twin (DT) paradigms to 
achieve cost-effective 6G service customization.

RL-Enabled Cross-Service Control Under NFV Paradigm
Under the NFV network paradigm, the service 
customization is realized by splitting the network 
resources (e.g., communication, computing, and 
storage) into many virtual logical slices, each rep-
resenting a customized end-to-end service. To bet-
ter support customized services, heterogeneous 
resources must be allocated to different network slic-
es through proper management and orchestration.

However, in a real-world 6G network scenario, 
user service requests arrive at the system dynami-
cally with diverse QoS requirements, and the state 
of the underlying physical network changes rap-
idly over time. Existing static resource allocation 
strategies cannot meet the dynamic properties of 
NFV-enabled network services and may result in 
low resource utilization. RL algorithms running in 
the NFV management and orchestration module 
can help achieve efficient resource sharing among 
heterogeneous services and improve resource 
utilization. The role of RL is to gather the service 
requests’ statistics and network status in real-time 
and learn the optimal resource allocation policy 
through interacting with the environment.

RL-based resource allocation is typically per-
formed in three stages. First, given the service 
requests’ properties and network conditions, the 
RL-based network orchestrator determines the 
resource demands for each virtual slice to form a 
virtual network topology. Second, the RL-based net-
work orchestrator determines how to embed the 
virtual nodes and links in the slice onto the physical 
network cost-effectively. Finally, an RL-enabled virtu-
al network function (VNF) scheduler determines the 
processing sequence of the VNFs embedded in the 
same physical node to minimize the overall comple-
tion time for the slices. By integrating with RL, NFV 
realizes cost-effective network element deployment 
for seamless device access, flexible VNF placement 
for service customization, and enhanced resource 
utilization to accommodate high traffic volume.

Specifically, in [11], the VNF scheduling prob-
lem is reformulated as a Markov decision process 
(MDP) and the VNF scheduler is regarded as an RL 
agent. Based on the specific representations of the 
MDP’s components under the VNF scheduling cir-
cumstances, the agent can learn the optimal VNF 
scheduling policy with the objective of minimizing 

FIGURE 3. RL-based resource management for 
delay-sensitive services (with a delay require-
ment of 10 ms) and delay-tolerant services: a) 
time-varying number of users; b) service delay.
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the service completion time. Figure 4a illustrates 
the overall framework designed for RL-enabled 
VNF scheduling. The agent (i.e., VNF scheduler) 
makes the scheduling decision at the beginning of 
each time slot. The agent first determines a set of 
feasible actions based on the current system state. 
Next, it chooses a feasible action via the e-greedy 
policy based on the agent’s current learned poli-
cy. The agent’s reward, which reflects the service 
completion time and service end-to-end delay, is 
fed back to the agent from the environment, which 
is subsequently used to improve the VNF schedul-
ing policy. Figure 4b shows an example VNF pat-
tern determined by the learned optimal scheduling 
policy for a given time instant, where the interval 
between two vertical lines represents a time slot, 
the bricks in the same color represent the VNFs 
in a service request, and the vertical axis indicates 
the NFV node index. These results demonstrate 
the great potential of the RL-based approach in 
facilitating QoS-guaranteed service provisioning in 
future NFV-enabled networks.

RL-Enabled Cross-Service Control Under DT Paradigm
The DT builds a mapping between the physical 
world and the virtual world. Every physical net-
work element has a corresponding digital twin 
network element in a digital twin network (DTN). 
DTNs are usually deployed on edge servers or 
cloud servers equipped with powerful computing 
capabilities to avoid the limitation of computing 
resource scarcity on the network elements.

One of the major benefits of deploying RL in 
the DTN is the significant “trial-and-error” cost 
reduction due to the existence of a high-fidelity 
model of the real physical world. As shown in Fig. 
5, the physical network acquires the data from the 
environment at different levels. It provides DTN 
with model parameters and training data to con-
struct high-fidelity models. With the trained mod-
els for network elements, channels, and network 
slices, the DTN can simulate the behavior of dif-
ferent network parties and predict future network 
states. The RL agents can thus directly interact 
with the DTN, where DT simulates their rewards 
and decides on the final action to assist network 
performance optimization. The learned final poli-
cies will be fed back to the physical networks to 
guide the decision-making of network elements 
in real network environments. The network per-
formance will be verified in physical networks and 
fed to the DTN to calibrate the DT models. By this 
iterative process, the simulation accuracy of the 
DT models will become sufficiently high to reflect 
the dynamic user behaviors and the network per-
formance will converge to the maximized reward. 
By using RL to predict future network states and 
make real-time decisions, the DTNs are expected 
to help 6G networks realize the vision of self-op-
timization, self-management, and self-detection.

RL-Enabled Intelligent Power System 
Management

6G is foreseen to support various vertical applica-
tions, including autonomous driving, healthcare, 
supply chain optimization, and personalized rec-
ommendations. One typical application of 6G 
is integrating smart grids with advanced wireless 
communication technologies. The seamless inte-

gration of smart grids with 6G networks will rev-
olutionize the way we generate, transmit, and 
consume energy, creating more efficient, reli-
able, and sustainable energy systems. However, 
the fast-growing penetration of different kinds of 
resources creates severe challenges in the control, 
operation, and management of the smart grid. RL 
is considered a promising method to overcome 
these challenges through real-time data-driven 
control and management. Furthermore, devel-

FIGURE 4. a) The overall learning framework for RL-enabled VNF scheduling; b) 
the VNF pattern determined by the learned optimal scheduling policy for a 
given time instant [11].

FIGURE 5. Exploring RL in DTN-enabled service customization.
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oping more advanced communication and com-
puting technologies, such as 6G and advanced 
metering infrastructures (AMIs), enables the ver-
satile deployment of RL in smart grids, as shown 
in Fig. 6. In this section, we present some typical 
RL-based application scenarios in the smart grid.

RL-Based Energy Storage Operation
Energy storage can help balance the energy 
demand and supply in real-time. Merchant energy 
storage owners seek to maximize their profit by 
making energy storage operation decisions. There 
are a number of studies that have investigated 
the optimal energy storage operation decisions 
in electricity markets [12]. Wang et al. in [13] first 
proposed a temporal arbitrage policy for energy 
storage in electricity markets via reinforcement 
learning. The authors designed a reward function 
that incorporates the history information as well 
as the instant profit of charging/discharging deci-
sions. However, RL-based optimal energy storage 
operation problems in joint energy and frequency 
regulation markets remain unexplored.

RL-Based Electric Vehicle Charging
Electric vehicles (EVs) play an essential role in 
power systems and transportation systems due to 
their low carbon and flexibility features. Adopting 
RL algorithms can solve the optimal EV charging 
and operation problems. Jin et. al in [14] pro-
posed an RL-based method to study the charging 
routing problem, where a smart EV wants to ful-
fill its battery charging demand by seeking an 
EV charging station. A real-world transportation 
network has been adopted to evaluate the per-
formance of their proposed approach, showing 
superior performance in comparison with the clas-
sical actor–critic (A2C) method. However, human 
beings’ behaviors have a significant impact on 
the optimal scheduling and charging decisions of 
charging stations. Hence, it is important to design 
RL-based methods that capture the dynamic fea-
tures of the consumers’ charging behaviors.

RL-Based Energy and Carbon Trading
RL can help market players learn their optimal 

bidding strategies in electricity markets. In such 
RL-based trading frameworks, the market play-
ers repeatedly interact with the market-clearing 
process (i.e., environment) and utilize the experi-
ences acquired from the interactions to improve 
their bidding strategies. For example, in [15], Ye 
et. al presented a deep reinforcement learning 
(DRL) based methodology, which combines a 
prioritized experience replay (PER) strategy with 
the deep deterministic policy gradient (DDPG) 
method. They numerically demonstrated that their 
proposed methodology could increase the profit 
significantly compared to the state-of-the-art meth-
ods. An interesting direction is to consider RL in 
the joint energy and carbon emission trading mar-
ket, which helps power generation companies 
dynamically manage their energy production and 
trade their carbon emission quotas.

New Challenges and Potential Future Directions 
for RL-Enabled Smart Grid Applications

Despite the versatile applications of applying RL-based 
approaches in smart grid control and management, 
there exist several critical challenges. First, a smart 
power network is a vital part of modern society. We 
must ensure that any controllers in the smart grid do 
not lead to violations of network physical constraints 
or system reliability issues. Therefore, safety is a major 
issue of applying RL in a smart grid. Second, most of 
the existing literature conducts tests on a small-scale 
test bed with a few decision-making agents and a few 
buses. It is crucial to deal with the scalability issues of 
RL in large-scale multi-agent power systems. To deal 
with the above challenges, there are several potential 
future directions. First, we can integrate model-free 
and model-based methods together and obtain the 
advantages of both to help deal with the safety and 
scalability issues. Second, we can properly use differ-
ent variants of RL in the literature, such as multi-agent 
RL, robust RL, transfer RL, inverse RL, etc., to tackle 
the safety and scalability issues.

Conclusion
In this article, we investigated how to empow-
er 6G with reinforcement learning (RL) toward 

FIGURE 6. RL-enabled smart grids for the 6G vision of versatile applications.
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utter intelligent network control from three 
aspects: RL-enabled cross-layer network control 
under the SDN paradigm; RL-enabled cross-net-
work control in the SAGSN for global coverage; 
and RL-enabled cross-service control under the 
NFV and digital twin paradigms to achieve agile 
6G service customization. A related case study 
has also been presented. The visions presented 
in this article shed light on the development of 
RL-enabled intelligent network management in 
highly dynamic, diversified, and complex 6G envi-
ronments. Hopefully, the challenges discussed 
in this article will inspire continuous discussions 
and more research efforts on RL-enabled 6G 
to promote pervasive network intelligence. For 
future research, some open issues deserve further 
investigation, including proper economic mecha-
nism designs under the RL framework to ensure 
fairness of user experience and resource sharing; 
and adaptive orchestration schemes between RL 
model performance and resource consumption to 
realize cost-effective network management.
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