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Abstract

The recent advances in machine learning (ML) have brought revolutionary changes to every
field. Many novel applications, such as face recognition and natural language processing,
have demonstrated the great potential of ML techniques. Indeed, ML can significantly en-
hance the intelligence of many existing systems, including smart grid, wireless communica-
tions, mechanical engineering, and so on. For instance, microgrid (MG), a distribution-level
power system, can exchange energy with the main grid or work in islanded mode, which
enables higher flexibility for the smart grid. However, it suffers considerable management
complexity by including multiple entities such as renewable energy resources, energy stor-
age system (ESS), loads, etc. In addition, each entity may have unique observations and
policies to make autonomous decisions.

Similarly, 5G networks are designed to provide lower latency, higher throughput and
reliability for a large number of user devices, but the evolving network architecture also
leads to great complexity for network management. The 5G network management should
jointly consider various user types and network resources in a dynamic wireless environ-
ment. In addition, the integration of new techniques, such as reconfigurable intelligent
surfaces (RISs), requires more efficient algorithms for network optimization. Consequently,
intelligent management schemes are crucial to schedule network resources.

In this work, we aim to develop state-of-the-art ML techniques to improve the perfor-
mance of large-scale systems. As case studies, we focus on MG energy management and 5G
radio access network (RAN) management. Multi-agent reinforcement learning (MARL) is
presumed to be an ideal solution for MG energy management by considering each entity
as an independent agent. We further investigate how communication failures will affect
MG energy trading by using Bayesian deep reinforcement learning (BA-DRL). On the 5G
side, we use MARL, transfer reinforcement learning (TRL), and hierarchical reinforcement
learning (HRL) to improve network performance. In particular, we study the performance
of those algorithms under various scenarios, including radio resource allocation for network
slicing, joint radio and computation resource for mobile edge computing (MEC), joint radio
and cache resource allocation for edge caching. Additionally, we further investigate how
HRL can improve the energy efficiency (EE) of RIS-aided heterogeneous networks.

The findings of this research highlight the capabilities of various ML techniques under
different application domains. Firstly, different MG entities can be well coordinated by
applying MARL, enabling intelligent decision-making for each agent. Secondly, Bayesian
theory can be used to solve partially observable Markov decision process (POMDP) prob-
lems caused by communication failures in MARL. Thirdly, MARL is capable of balancing
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the heterogeneous requirements of different slices in 5G networks, guaranteeing satisfactory
overall network performance. Then, we find that TRL can significantly improve the conver-
gence performance of conventional reinforcement learning or deep reinforcement learning
by transferring the knowledge from experts to learners, which is demonstrated over a 5G
network slicing case study. Finally, we find that long-term and short-term decisions are
well coordinated by HRL, and the proposed cooperative hierarchical architecture achieves
higher throughput and EE than conventional algorithms.
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Chapter 1

Introduction

1.1 Motivations

machine learning (ML) has been successfully applied in many fields and achieved great
success, including smart grid, Internet of Things (IoT), wireless communications, robot
control, natural language processing, facial recognition, etc [1]. Various ML techniques
have been designed to understand and leverage the data and improve the system per-
formance, including supervised learning, unsupervised learning, semi-supervised learning,
reinforcement learning (RL), and so on. The great success of ML techniques motivates us
to investigate the possible applications in other fields. There are many types of compli-
cated large-scale systems, but this work considers smart microgrid (MG) and 5G networks
for the case study due to the critical importance of energy and information systems [2, 3].
Following, we will present the motivations in detail.

1.1.1 Machine Learning for Microgrid Energy Trading

MG refers to a distribution-level power system that is connected to the main grid or works
in island mode. Integrating MG to the electrical distribution system will improve the
efficiency, reliability and resilience of future smart grid [4]. In particular, they provide
promising opportunities for enhancing the reliability of the electricity grid by forming
energy-sharing communities [5, 6].

An MG usually contains an ESS, one or more generators and loads [7]. In the smart
grid, these entities are interconnected and form an IoT environment where power loads,
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Figure 1.1: Microgrid system with PV, ESS, and consumers’ load.

storage, and generation communicate and collaborate to improve energy management.
Many centralized algorithms have been proposed for MG energy management, including
the gradient search, interior point algorithm, and lambda iteration approach [8]. However,
these centralized methods raise concerns about reliability and security issues, such as the
failure of the central controller, which may result in a shutdown of the whole MG. In
addition, resilience, privacy protection, high computation burden, and high bandwidth
requirements are all further challenges for a centralized MG architecture.

The decentralized control is considered the future of MG energy management due to
high flexibility and reliability, as well as low computation burden [4]. The decentralized
MG architecture can be modelled as a multi-agent system, which includes a generator (e.g.,
photovoltaic power (PV) agent), a demand side management (DSM) agent, an ESS agent,
and so on. In a multi-agent system, multiple intelligent agents work collaboratively, and
each agent optimizes its objective in a parallel or sequential manner. Having physically
separate units with different objectives and reasonable autonomy makes the MG an ideal
application of multi-agent systems [9].

In recent years, multi-agent MG energy management has been widely studied with vari-
ous methodologies, including Alternating Direction Method of Multipliers (ADMM), event-
trigger, consensus theory, game theory, and so on. These model-based methods generally
require dedicated optimization models. For example, to deploy the convex optimization,
the convexity should be checked first, and non-convex problems must be converted into
convex optimizations, which may lead to great complexity [10]. On the other hand, the
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uncertainty of renewable energy resources, heterogeneous cost definitions of agents, and
different energy trading strategies are all potential challenges for model-based solutions,
since they will greatly increase the difficulty of building an optimization model [11, 12].
The limitations of conventional methods and the future challenges motivate us to find
more ideal solutions for the MG energy management. Recently, data-driven approaches
have emerged as a model-free alternative where ML algorithms are used for the manage-
ment of MG [13]. In particular, Multi-agent reinforcement learning (MARL) has become
a promising method for MG energy management and control [14]. Various RL algorithms
have been used for MG energy management in the literature, e.g., Bayesian reinforcement
learning, Nash Q-learning, fuzzy Q-learning, cooperative reinforcement learning, and deep
Q-Network (DQN).

It is worth noting that communication between agents is the key to a multi-agent system
in both model-based and model-free methods. By exchanging collaboration information,
agents can choose optimal joint actions and maintain satisfactory overall performance.
Unlike RL, missing collaboration information may lead to sub-optimal decisions, and in
some cases, may even impact the stability of the whole MG [15]. However, most existing
researches assume perfect communication environment without information loss [16]. As
bandwidth, latency and reliability requirements of different smart grid applications vary
widely, and packet loss may happen while agents exchange the collaboration information
[15]. The communication system can be prone to errors and signal loss due to harsh smart
grid environments, contributing to a high packet loss rate [17]. Consequently, it is critical
to involve the packet loss in the MG energy management to guarantee the MG performance
and reduce potential losses.

To this end, in Chapter 3, we introduce our proposed correlated Q-learning (CEQ)-
based MG energy management method in [18], and correlated deep Q-learning scheme
in [19]. To further overcome the communication failure issue, in Chapter 4, we present
a Bayesian deep reinforcement learning algorithm [20], which is robust to communication
failures in MG energy management.

1.1.2 AI-enabled Wireless Communications

The forthcoming 5G networks will support a vast number of services and applications,
where heterogeneous requirements for latency, bandwidth, and reliability will coexist [21,
22]. Three major traffic types are supported in 5G, namely Enhanced Mobile Broad-
band (eMBB), Ultra Reliable and Low Latency Communications (URLLC), and massive
Machine Type Communications (mMTC). The eMBB is regarded as an extension of Long-
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Term Evolution (LTE)-Advanced services, which aims to provide a high data rate for appli-
cations such as video streaming [23]. The URLLC is proposed to provide a sub-millisecond
latency and 99.999% reliability, which is critical for applications such as autonomous ve-
hicles and remote surgery [24]. The mMTC is designed to connect a large number of IoT
devices, where data transmissions occur sporadically.

The stringent and heterogeneous Quality of Service (QoS) requirements have become
a challenging problem in 5G, especially when different traffic types are multiplexed on
the same channel. Network slicing is one of the fundamental concepts in 5G that enables
support for multiple services and applications with heterogeneous demands [25, 26]. With
software-defined networks and network function virtualization techniques, various slices
can be defined over the same physical network devices for flexibility and scalability [27].
However, network slicing also leads to significant complexities for resource management,
since the requirements of heterogeneous slices should be satisfied concurrently with limited
resources. On the other hand, new services and applications are constantly emerging,
requiring more stringent service level agreements for network management. In addition,
user types are not limited to eMBB, URLLC, and mMTC, and an enterprise slice with
various needs can be dynamically created, as well. To this end, artificial intelligence (AI)
and ML offer promising opportunities to reduce the management complexity and improve
system efficiency [4, 28].

AI-based network management has attracted interest from both academia and indus-
try. The Management and Orchestration (MANO) is the most notable framework defined
by European Telecommunications Standards Institute (ETSI) [29]. Similarly, the Third
Generation Partnership Project (3GPP) also defined the network data analytics function
and management data analytics function to incorporate AI into resource management [30].
These ingeniously designed schemes, nevertheless, are still ongoing, and these frameworks
mainly focus on system-level definitions of key elements.

Meanwhile, AI-enabled wireless networks have been extensively investigated by academia.
For example, [31] summarizes the applications for employing AI in cellular networks, and
identifies the challenges and roadmaps for AI-enabled 5G and 6G networks. A thorough
survey is presented in [32] on recent advances and future challenges of applying AI to
wireless networks, including algorithms, applications, standards, and so on.

On the other hand, numerous schemes have been proposed to make the most of AI
for network management. For instance, AI is considered as a built-in architectural feature
in [33] that enables resource elasticity, and it includes different use cases that utilize AI
for elastic management. In these studies, huge amounts of samples are generally required
to train their algorithms, and consequently the long training time may hamper the system
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efficiency and applicability in practice. Moreover, in these schemes, the costly training
needs to be repeated for each arriving new task.

Although learning-based methods, such as RL and deep reinforcement learning (DRL),
have been generally applied for network resource allocation, most existing works do not
consider the possibility of knowledge transfer. Specifically, an agent is designed for a specific
task in these works, and it interacts with its environment from scratch, which usually leads
to a lower exploration efficiency and longer convergence time. The agent must be retrained
whenever a new task is assigned, even though similar tasks have been completed before.
The poor generalization capability of straightforward RL methods motivates us to find a
learning method with better generalization and knowledge transfer capability. On the other
hand, humans can reuse the knowledge learned from previous tasks to solve new tasks more
efficiently, and this capability can be built into ML as well [34]. Such knowledge transfer
and reuse can significantly reduce the need for a large number of training samples, which
is a common issue in many ML methods. By incorporating knowledge transfer capability
into ML, it is expected to reduce the algorithm design and training efforts, and achieve
better performance, such as faster convergence and higher average reward.

Moreover, although ML has been widely used for wireless network management, it is
worth noting that most existing works require actions with the same timescales, which
means all the actions must be decided simultaneously. But in practice, the actions may
belong to different agents that apply various decision-making timescales. Hence, handling
such time scale differences in wireless networks is important, which will benefit the overall
coordination of short-term and long-term decisions. To this end, hierarchical reinforce-
ment learning (HRL) is proposed, which includes a sub-controller to implement short-term
actions under given policies, and a meta-controller to decide long-term policies based on
the average performance of the sub-controller. HRL enables more flexible network man-
agement.

Motivated by these challenges, Chapter 5 presents a correlated Q-learning based inter-
slice RB allocation (COQRA) algorithm for radio resource allocation of 5G radio access
network (RAN) slicing [35]. Then, Chapter 6 introduces a transfer learning algorithm for
joint radio and computation resource allocation of 5G mobile edge computing (MEC) [36].
Chapter 7 includes a deep transfer reinforcement learning (DTRL)-enabled joint radio and
cache resource allocation scheme for 5G edge caching [37]. Finally, Chapter 8 introduces a
cooperative hierarchical deep reinforcement learning (Co-HDRL) algorithm for joint sleep,
power, and RIS control for energy-efficient heteregeneous network (HetNet).
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1.2 Thesis Contributions and Organization

This thesis aims at applying state-of-the-art ML techniques to optimize large-scale systems
such as smart MG and 5G RAN. In particular, the ML algorithms include CEQ, DQN,
MARL, transfer reinforcement learning (TRL), DTRL, and HRL, and the application sce-
narios consider MG energy management and trading, RAN slicing, MEC, edge caching,
HetNet, and so on. This thesis demonstrates the capability of ML techniques for optimiz-
ing large-scale systems. The detailed contributions and organizations are summarized as
follows.

1.2.1 Smart MG-related Contributions

1)Multi-agent CEQ for Decentralized MG Energy Management
In Chapter 3, we present multi-agent CEQ algorithms for MG energy management [18,19].
They apply correlated equilibrium to coordinate the actions of MG agents such as DSM,ESS
and PV. The correlated equilibrium allows for dependencies among agents’ strategies, while
the actions in conventional Nash equilibrium are independent. Compared with the itera-
tive method, which is generally used for finding Nash equilibrium, correlated equilibrium
could be easily found by linear programming. However, the proposed multi-agent scheme
for MG energy management is vulnerable to communication failures, which may lead to
performance loss, and we address this problem in Chapter 4.

2) Multi-agent BA-DRL for MG Energy Management under Communica-
tion Failures
In Chapter 4, to overcome communication failures, we investigate the ML-enabled energy
trading under imperfect communication [20]. In particular, a multi-agent partially observ-
able Markov decision process (MA-POMDP) based scheme is proposed to describe agents
with communication failures. Based on MA-POMDP scheme, we propose a Bayesian belief
update method, where each agent can update its beliefs on the actions of peer agents by
Bayesian rules, and no direct communication is needed for the belief updating. Moreover,
we propose a Bayesian deep reinforcement learning (BA-DRL) algorithm to handle the com-
munication failures between agents in an MG. In BA-DRL, the double Deep Q-Network
(DDQN) architecture is applied for Q-value approximation to prevent over-estimation. We
also propose a novel action selection method called belief-based correlated equilibrium.
It utilizes beliefs to select optimal joint actions under communication failures, which is
implemented in a decentralized manner.
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1.2.2 5G RAN-related Contributions

1) Multi-agent CEQ for 5G RAN Slicing
In 5G networks, QoS requirements of various services and limited spectrum resources make
radio resource allocation a challenging problem. In Chapter 5, we develop a MARL-based
RAN resource slicing scheme for 5G networks [35]. In the proposed multi-agent COQRA,
each agent makes decisions autonomously and is coordinated by exchanging Q-values with
each other. It applies a two-tier resource allocation scheme, including inter-slice and intra-
slice resource allocations. The proposed method in [35] is designed for radio resource
allocation only, but the evolving network architecture requires joint allocation of multiple
resources, and we further investigate this problem in Chapters 6 and 7.

2)TRL-based Radio and Computation Resource Allocation in 5G RAN Slic-
ing To implement network slicing in 5G, joint resource allocation is a key enabler, but it
also leads to higher complexity for network management. In Chapter 6, we propose a
knowledge transfer based resource allocation (KTRA) method to jointly allocate radio and
computation resources for 5G RAN slicing [36]. Compared with existing works, the main
difference is that the proposed KTRA method has a knowledge transfer capability. It is
designed to use the prior knowledge of similar tasks to improve the performance of the tar-
get task, e.g., faster convergence speed or higher average reward. However, the proposed
KTRA algorithm is still limited to tabular-based Q-learning schemes, and we investigate
the knowledge transfer for DQN in Chapter 7.

3)DTRL-based Radio and Cache Resource Allocation in 5G RAN Slicing
In Chapter 7, we propose a DTRL algorithm for joint radio and cache resource allocation in
5G RAN slicing. First, we define a hierarchical architecture for joint resource allocation of
cellular networks. The global resource manager (GRM) will intelligently allocate resources
between slices, then slice resource manager (SRM)s will distribute radio and cache resources
within each slice based on specific rules. The proposed hierarchical architecture can reduce
the control overhead and achieve higher flexibility. Secondly, We propose two DTRL-based
solutions for inter-slice resource allocation, namely Q-value-based deep transfer reinforce-
ment learning (QDTRL) and action selection-based deep transfer reinforcement learning
(ADTRL). The QDTRL can use experts’ Q-values as prior knowledge to improve the learn-
ing process, while the ADTRL focuses on action selection knowledge. Compared with RL
or DRL, the proposed DTRL solutions show a better knowledge transfer capability.

4) Co-HDRL based Joint Sleep, Power, and RIS Control for Energy-Efficient
HetNet
energy efficiency (EE) is a critical metric for 5G and envisioned 6G networks, and the RIS
is considered a promising technique to improve the EE due to its low power consumption
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and hardware cost. Chapter 8 investigates using Co-HDRL for joint sleep, power, and RIS
control for energy-efficient HetNet. Specifically, we first propose a fractional programming
(FP) method for RIS phase-shift control, which aims to maximize the sum-rate under
given transmission power levels. Then, considering the timescale difference between sleep
control and power control, we introduce a Co-HDRL algorithm, including a cross-entropy
enabled meta-controller for sleep control, and correlated equilibrium-based sub-controllers
for power control. Moreover, we proposed a surrogate optimization method as one baseline
for RIS control, and conventional HDRL as another baseline for sleep and power control.
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Chapter 2

Background and Literature Review

This section first introduces the research background, especially RL techniques such as
Q-learning, DRL, MARL, TRL, and HRL. Then, we investigate existing studies on MG
energy trading, ML-enabled 5G resource allocation for network slicing, and optimization
techniques for reconfigurable intelligent surface (RIS)-aided wireless networks.

2.1 Background

2.1.1 Markov Decision Process and Q-learning

In this section, we introduce Markov decision process (MDP) and Q-learning to illustrate
the basic framework for RL techniques. In particular, the task problem is first described
by the MDP, and then it is optimized by the RL [38].

MDP can be defined by a tuple < S,A, T,R >, where S is the state set, A is the action
set, T is the transition probability, and R is the reward function, respectively. As shown in
Fig.2.1, the agents select an action at based on current state st, then it receives the reward
rt and moves to the next state st+∆t. The MDP can transform one optimization problem
into maximizing the long-term expected reward r in MDP context, and r is closely related
to the objective function in the given optimization problem.

With the MDP, optimization problems are easily transformed into a unified scheme that
can be solved by using RL. In RL, we define an agent to interact with the environment
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Figure 2.1: Markov decision process with state, action, and reward.

using MDP context, and it aims to maximize the long-term expected reward by:

V π(s) = Exπ[
∞∑
t=0

γtr(st, at)|s = s0] (2.1)

where t is the number of iterations, and π is the policy. V π(s) is the state value that
indicates the potential expected reward at state s. r(st, at) is the reward at iteration t by
selecting action at under state st. s0 is the initial state, and Ex indicates the expected
value. γ is the discount factor (0 < γ < 1) to balance the future reward and the current
reward. A higher γ value means that the agent focuses on the future reward; otherwise, a
lower γ value indicates that the current reward is more important.

Then, for a specific state s and action a, we define the state-action value:

Qπ(st, at) = r(st, at) + γ
∑
st+1∈S

Pr(st+1|st, at)V π(st+1) (2.2)

where Qπ(st, at) is the state-action value that represents the long-term expected reward
of selecting action at under state st. Pr(st+1|st, at) is the probability of moving to state
st+1 from state st. Qπ(st, at) consists of two terms: r(st, at) is the current reward, and
γ
∑

st+1∈S Pr(s
t+1|st, at)V π(st+1) indicates the potential reward in following time slots. γ

is the discount factor to balance two terms.

Consequently, we have the following relationship:

V π(st) =
∑
at∈A

π(at)Q(st, at) (2.3)

where π(at) is the action selection policy that represents the probability of selecting action
at.
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Figure 2.2: Tabular-based Q-learning scheme with environment interaction.

In Q-learning, the agent interacts with the environment as in Fig.2.2. The agent selects
an action using the Q-table, and then receives a state and a reward from the environment,
which will be further used to update the Q-values. The Q-values are updated by:

Qnew(st, at) = Qold(st, at) + α(rt + γmax
a
Q(st+1, a)−Qold(st, at)) (2.4)

where Qold(st, at) and Qnew(st, at) are old and new Q-values, respectively. Here α is the
learning rate (0<α<1), which indicates the Q-value update rate. A high learning rate such
as 0.9 means the Q-values are quickly updated by using the current reward and state value
of the next state; otherwise, a low learning rate such as 0.1 means the Q-values are updated
slowly. It is worth noting that a high learning rate may lead to unstable training results,
but a low learning rate requires an increased number of iterations to converge. In practice,
the learning rate value is usually selected by trial and error method.

In Fig.2.2, the Q-values index consists of combinations of states and actions, and it
relies on a Q-table to record all the Q-values. However, when the state-action space
increases, the agent has to visit all the possible state-action combinations to search optimal
solution, and it may require an increased number of iterations to converge all the Q-values.
Moreover, the tabular-based Q-learning can not handle problems with continuous action
spaces, because the Q-table can only record finite actions. To this end, DRL is proposed,
which is introduced in the next section.
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2.1.2 Deep Q-learning and Double Deep Q-learning

The main idea of DQN is to apply a deep neural network to predict Q-values [39]. It over-
comes the scalability issue of Q-learning by using a neural network to record all the Q-values
[40, 41]. In Q-learning, the Q-values are updated by equation (2.4). When Q-values con-
verge, we have Qold(st, at) = Qnew(st, at), which means Qold(st, at) = rt+ γmax

a
Q(st+1, a).

Then we can define a loss function for the network training of DQN:

Loss(w) = Er(rt + γmax
a
Q(st+1, a, w′)−Q(st, at, w)) (2.5)

where w and w′ are the weight of main and target networks, respectively, and Er is the error
function. rt + γmax

a
Q(st+1, a, w′) indicates target Q-values are generated by the target

network, and Q(st, at, w) means current Q-values are predicted by the main network.

In Q-learning, note that Q-values change dynamically in each iteration, and the target
values also change, which may lead to an unstable result for network training. Meanwhile,
the training data is expected to be discontinuous, but the state and action transition is
consecutive in Q-learning. Two techniques are proposed to improve the DQN, namely
experience replay and target network [39].

For the experience replay, the tuple < st, at, rt, st+1 > generated by Q-learning is saved
in an experience pool. After some iterations, the agent will implement a random minibatch,
and the sample data will be used for training. Meanwhile, old experiences will be replaced
by new data gradually; thus, the network can learn new experiences step by step.

On the other hand, in equation (2.5), note that we use the main network to predict
current Q-values, and target network to generate target Q-values. If using one single
network to predict current and target Q-values simultaneously, both Q(st+1, a, w′) and
Q(st, at, w) will change after network training, leading to unstable training results. By
contrast, the double network scheme can provide a more stable environment for main
network training. After training several times, the weight of the main network will be
copied to the target network, and this late updating provides a stable target for the main
network training.

The DQN can be summarized as Fig.2.3. Given the current state st, the main network
selects the action at first, and then the action at will be sent to the environment. The agent
receives a new state st+1 and reward rt from the environment. The tuple < st, at, rt, st+1 >
is saved in the experience pool, which will be used for the network training as shown by
equation (2.5). Finally, the target network will copy the weight of the main network after
training several times.
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Figure 2.3: Deep Q-learning architecture with double neural networks.

In DQN, note that the action selection and evaluation are both implemented by the
target network, which is indicated by max

a
Q(st+1, a, w′) in equation (2.5). Meanwhile, Q-

values are calculated by the reward added to the maximum Q-value of the next state. If
every time the Q-value is calculated at a higher value under a certain state, then the Q-
value predicted by the neural network will be obviously higher every time. As a result, some
Q-values are overestimated by a higher value, and the selected action can be sub-optimal,
since the real state-action value is lower than the predicted value.

To this end, the DDQN has been proposed in which action selection and evaluation are
decoupled. The loss function of DDQN is defined as:

Loss(w) = Er(rt + γQ(st+1, argmax
a
Q(st+1, a, w), w′)−Q(st, at, w)) (2.6)

where main network will select actions by argmax
a
Q(st+1, a, w)), and target network eval-
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Figure 2.4: Multi-agent Q-learning with information sharing

uate the action by Q(st+1, argmax
a
Q(st+1, a, w), w′). By decoupling the action selection

and evaluation, the DDQN can provide more accurate Q-values than DQN.

2.1.3 Multi-agent Reinforcement Learning

In this section, we introduce the MARL technique, which is an important variant of RL.
Compared with RL, the main difference of MARL is that multiple agents are involved
simultaneously [42]. As shown by Fig. 2.4, each agent can define its state and reward and
select actions independently. Since the action of one agent may affect the environment and
rewards of other agents, the coordination method becomes a critical issue for MARL [43].

The main idea behind MARL is to guarantee that all agents can achieve satisfactory
performance while maintaining good results for the whole system [44]. There have been
many methods for multi-agent coordination, and here we introduce three strategies: the
fully cooperative method, nash equilibrium, and correlated equilibrium.

Firstly, the fully cooperative method indicates that all agents work cooperatively to
maximize overall performance. A typical cooperation method assumes all agents share the
same global reward, and consequently they will select actions that bring higher rewards for
the whole system, instead of maximizing individual potential rewards. This strategy means
there is no competition between agents, and they share the same optimization objective.
However, this can be impractical in practice because agents may belong to different entities
and aim to maximize their individual reward regardless of other agents.

Secondly, the Nash equilibrium has been very widely applied in solving multi-agent
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Figure 2.5: Multi-agent correlated Q-learning system with parameter sharing server

problems, and it is given by:

Ui(⃗a−i, ai) ≥ Ui(⃗a), a⃗ ∈ A, a⃗−i ∈ A−i, (2.7)

where a⃗ is the action combination, a⃗−i is the action combination except agent i, A is the
set of a⃗, and A−i is the set of a⃗−i. Ui is the utility function for agent i, which refers to
Q-values or rewards in RL. The idea behind equation (2.8) is that no agent can improve
its utility by only changing its action selection. It provides a solution for non-cooperative
multi-agent coordination.

Thirdly, we present the correlated equilibrium. Although Nash equilibrium is a widely
applied method, it can not guarantee convergence or reach a global optimal. There may
exist multiple Nash equilibria in one given problem, or the Nash equilibrium does not even
exist. By contrast, correlated equilibrium can be easily found by linear optimization, and
the convergence and existence are further guaranteed. In correlated equilibrium, agents
exchange utilities to share information, and the joint action is chosen according to the
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following equations:

max
∑
a⃗∈A

Pr(s⃗, a⃗)Q(s⃗, a⃗) (2.8a)

sub.to
∑
a⃗∈A

Pr(s⃗, a⃗) = 1 (2.8b)∑
a⃗−i∈A−i

Pr(s⃗, a⃗i)(Q(s, a⃗i)−Q(s⃗, a⃗−i, ai)) ≥ 0 (2.8c)

0 ≤ Pr(s⃗, a⃗) ≤ 1 (2.8d)

where s⃗ is the system state agents, a⃗ is the joint action, Pr(s⃗, a⃗) is the probability of
choosing action combination a⃗ under state s⃗, ai is the action of agent i, a⃗−i is the action
combination except agent i, and A−i is the set of a⃗−i. Equation (2.8) uses Q-values to
represent the expected reward. It aims to maximize the total potential reward of all agents
by finding an optimal action selection probability distribution Pr(s⃗, a⃗). Constraints (2.8b)
and (2.8d) are probability distribution constraints. The constraint (2.8c) indicates that
a⃗i produces higher expected reward with probability pr(⃗a−b|ssub), which is indicated by
Pr(s⃗, a⃗i)(Q(s, a⃗i)−Q(s⃗, a⃗−i, ai)) ≥ 0.

A correlated Q-learning framework is shown in Fig.2.5, in which each agent applies
Q-learning to make decisions independently. Meanwhile, they will exchange the Q-values
with a parameter server for action selection coordination.

2.1.4 Transfer Reinforcement Learning

In this section, we present the TRL. Although learning-based methods, such as RL and
DRL, have been generally applied for network resource allocation, most existing works do
not consider the possibility of knowledge transfer. Specifically, an agent is designed for
a specific task in these works, and it interacts with its environment from scratch, which
usually leads to a lower exploration efficiency and longer convergence time. Furthermore,
the agent must be retrained whenever a new task is assigned, even though similar tasks
have been completed before. The poor generalization capability of straightforward RL
methods motivates us to find a learning method with better generalization and knowledge
transfer capability. On the other hand, humans can reuse the knowledge learned from
previous tasks to solve new tasks more efficiently, and this capability can be built into
ML as well. Such knowledge transfer and reuse can significantly reduce the need for
a large number of training samples, which is a common issue in many ML methods. By

19



Figure 2.6: Comparison of transfer reinforcement learning and reinforcement learning.

incorporating knowledge transfer capability into ML, it is expected to reduce the algorithm
design and training efforts and achieve better performance such as faster convergence and
higher average reward.

In this section, we introduce the background of TRL to distinguish it from RL. As
shown in Fig.2.6, given a task pool, the interactions between tasks and agents can be
described by the MDP < S,A,R, T >, where S is the state space, A is the action space,
R is the reward function, and T is the transition probability. In RL, each agent works
independently to try different actions, arrives at new states and receives rewards. The
learning phase of RL can be defined as:

LRL : s× K → a, r (a ∈ A), (2.9)

where the K is the knowledge of this agent, s is the current state, a is the selected action,
and r is the reward. Equation (2.9) indicates that RL agent utilizes the collected knowledge
to select action a and receive reward r under state s.

On the contrary, TRL includes two phases: the knowledge transfer phase and the
learning phase. In the knowledge transfer phase, as shown in Fig.2.6, considering task
differences, a mapping function is defined to make the knowledge of experts digestible for
the learner. Then the learner explores target tasks on its own and forms its knowledge.
The whole process of TRL can be defined as:

LTRL : s×F(Kexpert)× Klearner → a, r (a ∈ A), (2.10)
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Table 2.1: Comparison of reinforcement learning algorithms

Algorithms Features Difficulties Applications

RL
Agent has no prior knowledge
about tasks. It explores new

tasks from scratch.

Long convergence time,
low exploration

efficiency.

Tasks with limited
state-action space

and no prior
knowledge.

transfer
learning

(TL)

Improving generalization
across different distributions
between source and target

tasks.

Negative transfer,
automation of task

mapping.

It is mainly designed
for the supervised
learning domain,
e.g., classification,

regression.

DRL

Combining artificial neural
networks with RL

architecture. Applying neural
networks to estimate
state-action values.

Time-consuming
network training and

tuning; Low sample and
exploration efficiency;

Training stability.

Large state-action
space or

continuous-action
problem.

TRL

Utilizing prior knowledge
from experts to improve

performance of learners such
as higher average reward or

faster convergence.

Transfer function needs
to be defined to digest

prior knowledge.

Optimization of
tasks with existing
prior knowledge.

where the F is the mapping function, Kexpert is the knowledge from experts, Klearner is
the knowledge of the learner. In equation (2.10), knowledge from experts is utilized in the
action selection of the learner, and it is expected to accelerate the learning process LTRL.
In TRL, new tasks can be better handled based on the knowledge of experts.

The RL, TL, DRL and TRL techniques are compared in Table 2.1. Compared with
RL, TRL has higher exploration efficiency and better generalization capability. On the
other hand, although DRL is a breakthrough approach by combining neural networks
with RL, the time-consuming network training is a well-known issue, and the training
stability and generalization capability of DRL can cause problems. Finally, although TL
has been extensively studied in the ML literature, it mainly focuses on the supervised
learning domain such as classification and regression. Compared with TL, TRL can be
more complicated because the knowledge needs to be transferred in the context of the
MDP. Moreover, due to the dedicated components of MDP, the knowledge may exist in
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Figure 2.7: Hierarchical reinforcement learning with meta-controller and sub-controller.

different forms, which must be transferred in different ways.

2.1.5 Hierarchical Reinforcement Learning

In conventional RL, the action of agents can only apply one fixed timescale, which means
all the action elements have to be decided simultaneously. However, conventional RL may
have difficulty defining more complicated and realistic problems such as tasks with sparse
rewards and different timescale actions. To this end, the HRL is proposed.

In HRL shown by Fig.2.7, the agent consists of two controllers, namely meta-controller
and sub-controller. Accordingly, the MDP is rewritten by < S,A, T,R,G >, where G
indicates the set of goals. Based on the current state s ∈ S, the meta-controller will
generate high-level goals g ∈ G for sub-controllers. Then, these goals are transformed
into high-level policies by the critic. Consequently, the sub-controller chooses low-level
actions a ∈ A according to high-level policies, and receives an intrinsic reward rin. Finally,
the meta-controller will receive an extrinsic reward rex from the environment and select
new goals g′ for the sub-controller. The idea behind the HRL is to introduce hierarchy
architecture in RL. In particular, the meta-controller will produce high-level policies to
guide the low-level action selection of the sub-controller. Compared with traditional RL,
HRL is considered a more efficient learning method due to the hierarchical architecture,
allowing better task management by dividing sub-goals.
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Figure 2.8: Microgrid energy trading and control framework

2.2 Literature Review

This section investigates related works on MG energy trading, ML-enabled 5G resource
allocation, and optimization techniques for RIS-aided wireless networks.

2.2.1 Microgrid Energy Trading

The MG energy trading and control scheme is shown in Fig.2.8. It contains three layers:
elements, agents, and the operator. The element layer contains basic MG elements, includ-
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ing the electricity load, ESS, renewable energy resources such as PV and wind turbines,
and so on. Then, the agent layer can aggregate and control these elements to maximize
the profit or minimize the operation cost. For instance, the PV agent may control all the
solar panels in the MG community, which will decide the power supply capacity of the
whole MG. Meanwhile, in a MG, the electricity load devices can be divided into crucial
and deferrable loads. The crucial load mainly includes light and cooking devices, which
cannot change their operation time. However, the operation time of deferrable load could
be changed without affecting the end user’s satisfaction much, e.g., washing machine. We
assume the DSM agent is authorized by consumers to control the deferrable load of the
MG. Finally, the top level is the energy trading and operating layer, including pricing
method, trading platform, profit distribution, operation rules, etc. The trading layer can
apply various optimization goals such as maximizing profit or social welfare and minimizing
operation costs and carbon emissions.

Many centralized algorithms have been proposed for MG energy management, including
the gradient search, interior point algorithm, and lambda iteration approach [45]. More-
over, considering the great potential of ML algorithms, the power loss during MG energy
trading is considered in [46], and a Bayesian-based reinforcement learning technique is ap-
plied for the optimal energy trading strategy among MGs. Furthermore, the environment
in a MG is related to the state of each agent, which means the MG system state could
be rather complicated. DRL [39] is applied in the MG energy management field in several
prior works. The DRL is used for Peer-to-Peer energy trading in [47], and an improvement
is shown when compared with the rule-based strategy. Furthermore, the energy manage-
ment problem is formulated to be a MDP in [48], and actor-critic based DRL is proposed
to minimize the energy cost. In addition, considering the overestimation issue of standard
DQN, the DDQN is used in [49] for community ESS, and the result proves the feasibility
of DDQN.

Most of the works in the literature [46–49] mainly focus on the one-agent case. However,
these centralized methods raise concerns about reliability and security issues, such as the
failure of the central controller, which may result in a shutdown of the whole MG. In
addition, resilience, privacy protection, high computation burden, and high bandwidth
requirements are all further challenges for a centralized MG architecture. The MG can be
modelled as multi-agent systems where storage, generation, and load are each represented
by an agent. For example, a renewable energy resource unit can sell energy to the grid or
the ESS. The decision on whom to sell and the price will determine the revenue for the
renewable energy resource agent. Cooperation and competition may exist between agents
to maximize individual utility or the overall profit [50]. In this case, the agents need to
trade energy to maximize their profit, and the competition may increase the difficulty of
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balancing the profit.

Recently there have been many studies on MARL based MG energy management. A
MARL-based method is proposed in [51], where each agent has the learning ability to
maximize its profit. In addition, cooperative reinforcement learning is proposed in [52] for
the MG economic dispatch, where the diffusion strategy guarantees cooperation. In MARL,
each agent is expected to learn the cooperation strategy. Naturally, MARL can also be
generalized to multi-agent DRL. Nash-based methods are generally used to distribute profit
among cooperative agents [53]. However, it must exchange information iteratively, which
may lead to a heavy computation burden.

In [54], power loss in energy trading is minimized, where the coalition information is
transferred between MGs. A decentralized MG energy management method is proposed
in [55], where Nash equilibrium is used for coordination by sharing utility values. Further-
more, fuzzy Q-learning is applied in [56] for MG energy management. A diffusion strategy
is used in [57] for cooperative reinforcement learning where the agent only needs to com-
municate with its neighbours. Considering the huge state-action space of MG, DQN is
applied for energy trading in [58], and the utility of MG is balanced by Nash equilibrium.
In most of the prior works, communication has been a key element as the agents collaborate
by sharing critical information, e.g., coalition information [54], utility values [55,58], state
variables [56,57] to make decisions.

Communications between agents are the key to a multi-agent system. However, the
underlying communication system is not always reliable in practice, and IoT devices in the
MG may experience system failures, packet loss, and delayed packets. Although MG energy
management has been investigated by various models and algorithms, the communication
failure problem has not been considered before. Note that, in [59], the effect of communi-
cation delay on MG economic dispatch is investigated, and it presents that communication
delay will lead to a system performance fluctuation. [60] proposed a novel consensus-based
economic dispatch algorithm to handle communication delay in MG, where the commu-
nication delay results in a higher cost for MG. The work of [59] and [60] show that it
is necessary to consider the effect of communication systems in the MG energy manage-
ment. However, to the best of our knowledge, the impacts of communication failure on
MG energy management have not been investigated before. We have proposed a MARL
scheme for MG energy management in [18], and a multi-agent DQN method in [19]. But
communication-related problems were still not studied in those works. Nevertheless, han-
dling such uncertainty brings substantial performance improvements as demonstrated in
systems other than MG such as electric vehicles.
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Figure 2.9: 5G resource management architecture for network slicing

2.2.2 Machine Learning based 5G Resource Allocation for Net-
work Slicing

Network slicing presents demanding requirements for resource management, especially at
the edge and radio domains, since tight resources are allocated concurrently between mul-
tiple slices in a very short timescale to satisfy different service level agreements. Although
managing one single resource has been widely studied in the literature, the evolving net-
work architecture requires the holistic management of multiple resources [61]. For example,
in the MEC-enabled 5G RAN, the computation offloading and bandwidth allocation need
to be jointly considered to guarantee the network performance. Furthermore, end-to-end
network slicing calls for cross-domain resource allocation that involves RAN, edge, trans-
mission and core network [62]. Thus a unified architecture is needed to include all the
cross-domain resources in a systematic view.

Fig.2.9 shows our defined resource management architecture, including the physical
layer, virtual network resource layer, and management layer. First, the physical layer
consists of physical network devices that can be split into different network slices. For
instance, slices 1 and 2 in Fig.2.9 may require multiple network resources simultaneously,
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and both slices can share one single physical device. Then, by monitoring the status of
the physical layer, we define a virtual network resource layer to aggregate the resources of
different network elements. For example, the baseband unit pool in Fig.2.9 includes power,
cache, computation resources, and so on, while the remote radio head mainly invloves
bandwidth and power as manageable resources. Finally, the management layer works as
a control plane for the virtual resources, and these resources will be allocated to slices to
fulfill their requirements.

Meanwhile, we summarize diverse network resources in Table 2.2, including the features,
applications, and management objectives of each resource. Note that the computation
resource allocation is involved in both edge and core networks. The network edge devices
usually have limited computation capacity, which makes the computation task offloading a
critical concept. On the contrary, the core network has an abundant computation capacity,
and more computationally intense tasks without real-time requirements can be processed.
virtual machines (VM)s can also be deployed in both edge and core networks to implement
virtual network functions (VNF)s, but the edge side only has limited hardware resources
to support the VMs or containers. Table 2.2 implies that resource management of RAN
and the edge is more complicated than transport and core networks due to limited available
resources, more dynamic conditions and the need for actions on a shorter timescale.

Then we briefly review the latest AI/ML techniques for resource management applica-
tions, including supervised learning, unsupervised learning, RL, federated learning, graph
learning, and transfer learning. Note that the main goal of this work is not to review all
the AI/ML techniques on wireless networks but serves as a compressed taxonomy for new
techniques [31]. Table 2.3 and 2.4 summarizes the algorithms, main features, difficulties
and typical applications of each learning method.

1) Supervised and Unsupervised Learning
Supervised learning algorithms map input data to labelled output data for classification or
prediction purposes. Well-known algorithms and neural network architectures include arti-
ficial neural networks, recurrent neural network (RNN), long short-term memory (LSTM)
network, support vector machines, decision trees, and so on [63–65]. Supervised learning
can be applied for traffic prediction and classification for resource management. However,
supervised learning with neural networks suffers because network training is too much
dependent on hyperparameter tuning and the difficulty in obtaining labelled data.

By contrast, unsupervised learning intends to analyze and cluster unlabeled data [66].
Well-known approaches include the k-means and Density-Based Spatial Clustering of Ap-
plications with Noise (DBSCAN) algorithm. The deep belief network can also be used for
unsupervised learning to extract the features of unlabeled data. These techniques discover
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Table 2.2: Summary of network resources in 5G networks.

Doma-
ins Resources Features Applications Typical management

objectives

RAN
and
edge

Radio

Spectrum requires careful allocation, such
that transmission requirements of various
slices are satisfied using this very scarce

resource.

Spectrum
allocation

Maximizing throughput or
minimizing the delay;
improving spectrum

efficiency.

Power

Power is a key resource in RAN. Power
control can mitigate interference and
improve energy efficiency for network

devices.

Power
allocation for
interference
management

Minimizing interference
and energy cost;

maximizing network
throughput.

Cache

Edge caching can significantly reduce the
network delay by storing popular contents

in the edge, and caching capacity is a
limited resource.

Content
replacement
and delivery
in network

edge.

Maximizing hit ratio in a
cache for better network

performance (lower delay)
or economic metrics.

Comput
-ation

Computation capacity is a key resource in
the edge, where computationally intensive

tasks from user devices (UEs) or IoT
devices can be processed in the network

edge instead of the cloud.

MEC
offloading

between UEs,
MEC server
and cloud.

Minimizing processing
delay or computation cost.

VNFs,
VMs,

contain-
ers

VMs or containers are required when VNFs
are deployed in the mobile edge, and thus
they become important resources to run

VNFs.

VMs and
VNF

placement.

Minimizing response time,
energy cost and hardware

usage.

Trans-
port

Fronthaul
Connections between remote radio heads
and baseband unit pool in the edge cloud

RAN.
The connection capacity is considered
as critical transmission constraints.
Pricing models can be applied to
maximize the profit by managing

the transmission capacity allocation.
Backhaul

Connections from RAN to the core network,
or from edge (base stations or baseband

unit pools) to the core network.

Core

VMs and
VNFs

Compared with mobile edge, core network is
capable of instantiating a higher number of
VMs to implement VNFs. The number of

deployed VMs determines the service
capability of a single network node.

VMs and
VNF

placement.

Minimizing cost or energy
consumption; guaranteeing
network performance and

reliability.

Comput-
ation

In the core network, available computation
resources of physical hosts in network nodes

should be allocated to VNFs to process
tasks.

CPU
allocation;
work load

assignment.

Minimizing computation
delay or cost.

the hidden similarities and differences of unlabeled data. However, the long training time
and high computation complexity are potential issues for unsupervised learning. Mean-

28



Table 2.3: Summary of AI techniques for 5G resource management-Part 1.

Learning
methods

Typical
algorithms Main features Difficulties Typical applications

Supervised
learning

Artificial
neural

network,
RNN,
LSTM,
support
vector

machine,
etc.

Training the algorithm to best map
inputs to outputs in a dataset, and
thus labeled data is required for

training. Note that each algorithm
has its features, e.g., LSTM can

better handle the long-term
dependencies of data.

Algorithm training relies
heavily on fine-grained
datasets, which may be
inaccessible in practice.
Network training can be
time-consuming due to
hyperparameter tunings
such as learning rate and

the number of hidden
layers or units.

Traffic load prediction
and classification for

slices.

Unsuper-
vised

learning

K-means,
DBSCAN

Discovering hidden patterns or
similarities in unlabeled datasets.

High computation
complexity; noisy results.

User clustering to create
new slices.

Reinfor-
cement
learning

Q-learning

Agent interacts with an
environment to maximize the

expected reward. A Q-table is used
to record state-action values in

Q-learning.

Requiring long
convergence time,

especially for problems
with large state-action

space.

RL is the most generally
applied AI technique for
the resource management

and optimization
wireless networks,
e.g., minimizing

network delay or energy
consumption, maximizing
network throughput or
revenue. For example,

multi-agent reinforcement
learning may be used
for resource allocation

of slices.

Actor-critic
learning

The actor is considered as a policy
structure to select actions, and the

critic will estimate the value
function for the actions of the

actor.

Long convergence time;
instability caused by the
interplay between actor

and critic.

Deep rein-
forcement
learning

Combining neural networks with
RL framework to predict

state-action values instead of using
Q-tables. DRL can be applied to

address the large state-action space
problem.

Time-consuming network
training;

tedious hyperparameter
tuning;

network training stability;
low sample efficiency.Double deep

Q-learning

Decoupling the action selection and
evaluation of deep Q-learning to

prevent overestimation and provide
a better Q-value estimation.

Multi-agent
reinforce-

ment
learning

Each agent implements the RL or
DRL independently to achieve its

goal or optimize an overall
objective.

The coordination
mechanism of multiple

agents requires dedicated
design.

while, the output results are hard to validate due to the unlabeled dataset. Unsupervised
learning can be deployed for the user or traffic clustering, especially mobile users, for
resource management of 5G networks [67].

2) Reinforcement Learning (RL)
RL has been widely used to optimize the resource management problems such as physical
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Table 2.4: Summary of AI techniques for 5G resource management-Part 2.

Learning
methods

Typical
algorithms Main features Difficulties Typical applications

Federated
learning

Federated
deep

learning,
federated

DRL

Training models by distributed
datasets of multiple learners, then

feeding back global model
parameters to local learners for
their use. Private and sensitive
data can be well protected with

federated learning.

Communication overhead
for updating local
models; systems

heterogeneity caused by
various local devices such
as different storage and
computation capacity.

Each slice can train a
local model, and the

central controller
produces a global model

for coordination.

Graph
learning

Graph
neural

networks,
graph convo-

lutional
networks

Graph learning maps the feature of
a graph to the vectors without
projecting the graph into a low
dimensional space, which can be

used for classification, link
prediction, and matching.

Scalability issue;
generative graph learning;

dynamic graph.

GNN-based digital twin
for network slicing.

Transfer
learning

Supervised
transfer
learning

Improving generalization capability
by reusing the pre-trained model
such as neural networks of source

tasks to related target tasks.

Task mapping function
definition; negative
knowledge transfer.

Classification and
prediction for resource
management and RAN

slicing.

Transfer re-
inforcement

learning

Utilizing knowledge of experts to
improve learner’s performance

within the context of MDP, which
aims at faster convergence and

higher average reward.

The knowledge transfer
function requires
dedicated design.

Optimization of network
resource management and
RAN slicing with fewer
training samples and
faster convergence.

resource block allocation, power allocation, and so on [68]. RL algorithms include Q-
learning, actor-critic learning, DRL, etc 1. In RL, the agent aims to maximize the long-
term expected reward within the MDP. Q-learning is the most widely used RL algorithm
due to its simplicity, but it suffers from a long convergence time, especially for problems
with large state-action space. Meanwhile, actor-critic learning defines an actor for action
selection and a critic for action evaluation, which uses the value function as a baseline for
policy gradients. DRL has been used to overcome the slow convergence problem of Q-
learning and the challenge of storing a large Q-table. Instead of deploying huge Q-tables,
the state-action values in DRL are predicted by neural networks, and thus it can better
handle large state-action space problems. Furthermore, double deep Q-learning is designed
to prevent the over-estimation issue of DQN, in which the main network selects actions,
and the target network evaluates actions.

By transforming diverse optimization problems into unified MDPs, RL methods can
avoid the possible complexity of defining a dedicated optimization model. RL methods

1There are many versions of RL techniques in the literature. Summarizing all is out of the scope of this
work. We provide examples of the most widely used algorithms.
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have been used in many network resource management problems. Nevertheless, it demands
a huge amount of samples for training, and the trained algorithm can only handle specific
problems with poor generalization capability.

3) Federated Learning
Federated learning is one of the state-of-the-art ML methods that is applied in wireless
networks. Federated learning algorithms are trained across multiple decentralized local
datasets without sharing training data, where only the local model parameters are sent
back to a central server for an improved global model. Then, the well-trained global
model parameters are fed back to local learners to update local models. As an example
in wireless communications, user equipment (UE) can train its federated learning model
based on its data, then the BS can form a global model and send it back to UEs as in [69].
Federated learning addresses data privacy and security issues, since each learner can keep
its training data on board. However, the learners still need to exchange the parameters
of the trained models. As such, the communication overhead becomes a critical issue
for federated learning, especially for wireless networks with limited bandwidth resources.
Meanwhile, considering various storage, computational, and communication capabilities of
local devices, the system heterogeneity can be another challenge for applying federated
learning on wireless networks.

4) Graph Learning
Graphs are widely used to represent the network architecture, and graph learning refers
to ML algorithms on graphs. In particular, graph learning is designed to extract the main
features of graphs, such as node and edge connections, to vectors with the same dimen-
sions in the embedding space. For instance, the graph neural network aims to learn a
state embedding that contains the neighborhood information of each node, and the graph
data is directly mapped to the neural network’s output without projecting the graph into
a low-dimensional space. Graph learning has been successfully applied in node classifica-
tion, graph classification, link predictions, and so on, which shows superior performance
than other existing approaches. Considering the graph nature of wireless networks, graph
learning shows significant potential for resource management solutions such as power and
spectrum allocation [70]. Meanwhile, graph learning still faces challenges, e.g., dynamic
graphs, scalability issues, and generative graph learning. For example, users with high
mobility may lead to dynamic graph structures, but graph learning architectures cannot
change adaptively if edges and nodes appear or disappear frequently.

5) Transfer learning
Although various ML methods have been introduced before, it is worth noting that: i)
most algorithms require a large number of samples to explore the target task; ii) these
algorithms are designed for specific tasks with very limited generalization capability. As

31



a result, even though similar tasks have been completed, the algorithms still need to be
retrained for new problems. To this end, TL aims to reuse the knowledge and existing
model of completed tasks. Specifically, a model developed for one task is reused as the
starting point for other related tasks. Indeed, humans can apply their previous knowledge
to solve new works more rapidly. This reduces the need for a huge amount of training
samples, which is a common issue in ML. For example, one gNodeB can learn the user-
association experience of other gNodeBs for interference mitigation in mmWave networks
as in [67], and it achieves a faster convergence speed than conventional Q-learning. Despite
the potential advantages, the knowledge may exist in different forms in ML algorithms,
and knowledge transfer methods vary between tasks. For instance, Q-values, learning rate,
and action selections in Q-learning can all be considered as knowledge, and one needs to
define various mapping functions to make these prior knowledge digestible for target tasks.

The stringent and heterogeneous QoS requirements of services have become a chal-
lenging problem in 5G [71, 72]. Considering the limited radio resources and increasing
bandwidth demand, different methodologies are proposed for 5G radio resource allocation.
A joint link adaptation and resource allocation policy is proposed in [73], which dynam-
ically adjusts the block error probability of URLLC transmissions based on cell load. A
risk-sensitive method is used in [74] to allocate resources for the incoming URLLC traf-
fic, while minimizing the risk of the eMBB transmissions and ensuring URLLC reliability.
Puncturing technique is applied in [75] to guarantee minimum latency of URLLC, where
eMBB traffic is scheduled at the beginning of slots, while URLLC traffic can puncture at
any time with a higher priority.

A common feature of aforementioned works is that the URLLC traffic is scheduled on
top of the eMBB traffic such as puncturing technique [74, 75], and a potential priority is
applied to guarantee the latency and reliability of URLLC traffic [74,75]. As a result, the
eMBB traffic will be affected by degraded throughput. Allocation of limited bandwidth re-
sources among slices has been the main challenge in RAN slicing [76]. The allocation should
meet various QoS requirements under a limited bandwidth budget constraint. Meanwhile,
another important problem is the increasing complexity of wireless networks, e.g., the
evolving network architecture, dynamic traffic patterns and increasing device numbers,
which makes it harder to build a dedicated optimization model for resource allocation.

To this end, the emerging ML techniques have become a promising solution. For ex-
ample, in RL, the agent interacts with environments to maximize the long-term reward
based on MDP, and the complexity of defining a dedicated optimization model is avoided.
In [77], a Latency-Reliability-Throughput Q-learning (LRTQ) algorithm is proposed for
jointly optimizing the performance of both URLLC and eMBB users. [78] develops an RL
method to select different scheduling rules according to the scheduler states, which aims
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to minimize the traffic delay and packet drop rate. The random forest algorithm is applied
in [79] to accomplish the Transmission Time Interval (TTI) selection for each service, and
the result shows a lower delay and lower PDR for URLLC traffic while guaranteeing the
eMBB throughput requirements. [80] presents an RL method for resource optimization in
5G network slicing, and the results show improved network utility and scalability. DQN is
deployed in [81] for end-to-end network slicing resource allocation in multi-slice and multi-
service scenarios. Furthermore, [62, 82] use DRL for resource allocation in 5G, in which
neural networks are used to learn allocation rules.

The previous works mainly concentrate on RAN slicing. While the spectrum is in-
disputably the most critical resource of RAN, other resources are equally important to
guarantee the network performance, such as computation and cache resources [83, 84]. To
support the emerging computation-intensive applications, deploying MEC servers becomes
an ideal solution [85, 86]. The computation tasks can be processed in the MEC server
instead of the central cloud; thus, a lower delay is achieved. The work of [87] shows that
joint resource allocation slicing has a better performance than slicing one single resource,
and [88] introduced a mathematical model to slice mobile network and edge computation
resources jointly.

Although incorporating computation capability into RAN will bring significant benefits,
it also increases network management complexity, especially when multiple slices are in-
volved. [89] introduced a RAN slicing method to allocate radio and computation resources
dynamically, and a constrained learning scheme is defined. A decentralized DRL method
is presented in [90] for network slicing, which ensures service level agreements under net-
working and computation resources constraints. The joint RAN slicing and computation
offloading problem is investigated in [91], and multi-agent DQN is applied to maximize
the communication and computation resources utilization. Furthermore, [92] proposed an
actor-critic network-based DRL method for joint radio and computation resource allocation
of virtualized RAN.

Similarly, incorporating caching into the RAN has attracted interest from academia and
industry. Some novel network architectures have been proposed to harvest the potential
advantages of edge caching [93]. Indeed, edge caching allows storing data closer to the
users by utilizing the storage capacity at the network devices, reducing traffic to the core
network. Moreover, caching can save the backhaul capacity without affecting the network
delay. Cache placement and caching strategies have been extensively studied in numerous
works, but the problem is usually addressed disjointly, without considering the RAN. For
example, a location-customized caching method is presented in [94] to maximize the cache
hit ratio, and content caching locations are optimized in [95] by considering both cloud-
centric and edge-centric caching.
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Augmenting edge devices in RAN with caching will significantly improve 5G networks.
However, this leads to higher complexity. In addition, the complex network dynamics,
especially the stochastic arrival requests of slices, make the underlying network optimiza-
tion challenging. Fortunately, ML techniques offer promising solutions. By applying a RL
scheme, the potential complexity of defining a dedicated optimization model is avoided.
For instance, DDQN is applied for computation offloading within sliced RANs in [96]. DRL
is deployed in [97] for spectrum allocation in integrated access and backhaul networks with
dynamic environments. MARL is used in [98] for distributed dynamic spectrum access
sharing of communication networks. Moreover, a DRL-based method is proposed in [99]
for mobility-aware proactive resource allocation, which pre-allocates resources to mobile
UEs in time and frequency domains. Finally, [100] proposed a DQN based intelligent
resource management method to improve the quality of service for 5G cloud RAN. The
aforementioned works show that various ML methods have been applied for the resource
management of wireless networks, including RL, DRL, DDQN, multi-agent reinforcement
learning, and so on.

In these works, the main motivations for deploying ML algorithms are the increasing
complexity of wireless networks and the difficulties of building dedicated optimization
models. Indeed, the evolving network architecture, emerging new network performance
requirements and increasing device numbers make conventional methods such as convex
optimization more complicated. ML, especially RL, offers a good opportunity to reduce
the optimization complexity and make data-driven decisions. However, a large number of
samples are needed for the learning process, which means a long training time and low
system efficiency. Furthermore, after the long learning process, the agent can only handle
one specific task without any generalization. This learning process has to be repeated when
a new task is assigned. DRL can be considered a solution to reduce the number of samples
and improve convergence. However, it is still limited to a localized domain, and the neural
network training can be time-consuming because of the hyperparameter tuning. To this
end, we propose DTRL-based solutions for the joint radio and cache resource allocation of
5G RAN. The TRL has been applied in [67] for intra-beam interference management of 5G
mm-Wave, but here, the resource allocation problem is more complicated due to a much
bigger state-action space. The proposed scheme has a satisfactory knowledge transfer
capability by utilizing the knowledge of expert agents, and it outperforms conventional
DRL by faster convergence and better network performance.
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2.2.3 Optimization Techniques for RIS-aided Wireless Networks

While 5G has entered the commercialization phase, the research community has started
the exploration of future 6G networks. Compared with previous generations, 6G net-
works are expected to present more stringent performance requirements, i.e., terabits per
second data rates for virtual reality, and more than 107/km2 connection densities with
significantly lower latencies than 5G networks [101]. One of the main obstacles to wireless
network evolution is the uncontrollable radio environment with reflections, diffractions,
and scattering. Recently, RISs have emerged as promising techniques to enhance wire-
less signal propagation [102]. In particular, the core feature of RISs is to manipulate the
signal propagation path by intelligently configuring numerous small elements. Each RIS
element can independently tune the phase of the incident signal, creating a smart radio
environment [103]. RISs not only are technically attractive but also require low energy
consumption and incur less hardware cost, making it promising to enhance the spectral
efficiency for real-world deployments. Given these advantages, RISs can be combined with
other emerging techniques, including multiple-input multiple-output, millimeter-wave com-
munications, unmanned aerial vehicle (UAV) networks, non-orthogonal multiple access
(NOMA), vehicle-to-everything networks, and so on. Many existing studies and imple-
mentations have demonstrated RIS’s capability of improving network capacity, coverage,
energy efficiency, and security.

Despite their potential, integrating RISs into wireless networks will significantly increase
the complexity of network management [104]. For example, each RIS element requires
independent phase-shift configurations, leading to large solutions spaces for optimization
algorithms. The RIS configuration is more complicated when other control variables are
jointly involved, such as beamforming, spectrum allocation, NOMA decoding order, or
UAV trajectory design. Therefore, advanced optimization techniques are of paramount
importance to handle such complexity and take full advantage of RISs.

Existing methods for optimizing RIS-aided wireless networks can be classified as three
approaches: model-based, heuristic, and ML approaches. We compare these approaches
in Table 2.5, including main features, advantages, drawbacks, difficulties, and applications
for RIS.
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Table 2.5: Summary of control and optimization techniques for RIS-aided wireless networks

Optimization
approaches Main features Advantage Drawbacks Difficulties Application

scenarios for RISs

Model-
based

algorithms

Model-based
algorithms

usually require
full knowledge of
the problem to

find near-optimal
solutions by using

transformation
and relaxation.

Model-based
algorithms can
provide detailed

proofs and
explanations for
the optimality.

Target problems
are efficiently
solved with
guaranteed

optimality once
the closed-form

solution is
achieved.

Model-based
solutions are

usually
problem-specific

with certain
requirements

such as convexity
and continuity. It

has difficulty
adapting to
dynamically

changing
environments.

It has to apply
transformations,

division, and
relaxation to
convert the
problem to

specific forms.
These

transformations
need a dedicated
design for each

problem.

Numerous
algorithms have

been developed to
solve RIS-aided
optimization

problems, such as
alternating

optimization to
decouple the

active and passive
beamforming.

Heuristic
algorithms

It applies
heuristic rules to
find a trade-off

between
optimality and
computational

complexity,
providing local

optima and
low-complexity

solutions.

Heuristic
algorithms have

much lower
computational
complexity. It

has few
requirements for
the properties of
target problems.

It only presents
local optima in

the current stage,
indicating a bad
performance in

some cases.

Heuristic rules
should be

carefully selected
and designed,

directly affecting
the algorithm
performance.

Heuristic
algorithms can

provide
low-complexity

alternatives, i.e.,
sequential phase
shift and on/off
control using
greedy rule,
phase-shift

optimization
using GA.

ML
techniques

ML techniques
provide unified

control and
optimization
algorithms for
certain types of
problems. Most
algorithms are
easily applied

without requiring
dedicated design.

Data-driven
approaches avoid
the complexity of

building
dedicated

optimization
models. It can
better adapt to
the dynamic

wireless
environment

given the learning
capability.

It may require
long iteration

numbers for the
algorithm

training. ML
optimization

techniques do not
guarantee
optimality.

Algorithm
training is the

main difficulty of
applying ML,

which is data and
computation-
demanding.

Various ML
techniques have
been applied for

RIS-related
optimizations,

e.g., neural
networks for CSI
prediction, and

DDPG for
continuous RIS

phase-shift
optimization.

1) Model-based method: Table 2.5 shows that model-based methods usually re-
quire full knowledge of the defined problem for transformation and approximation. Model-
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based approaches can provide efficient and stable solutions once the problem is properly
reformulated. RIS passive beamforming has been widely investigated in various scenar-
ios, i.e., multiple-input multiple-output networks [105–108], multiple-input single-output
networks [109–112], single-input single-output networks [113], NOMA [114], millimeter-
wave [115] and vehicle communications [115]. These works mainly consider BS beamform-
ing vectors and RIS phase shifts as control variables, which are known as joint active
and passive beamforming, and the total transmit power and RIS phases are included
as constraints. However, the joint optimization problem is very challenging due to net-
work dynamics and the large number of RIS elements. The fractional terms of signal-to-
interference-plus-noise ratio (SINR), logarithm introduced by Shannon theory, and non-
convex constraint of RIS phase shifts lead to significant complexity for the joint optimiza-
tion. Consequently, most existing studies decouple the control variables using alternating
optimization [105–108, 111]. For example, a widely applied scheme is to first optimize the
BS beamforming vectors, then solve the RIS phase shifts sub-problem iteratively. Finally,
as one of the core control variables, the RIS phase-shift control is supposed to be contin-
uous in many studies. The first reason is that discrete control variables lead to integer
constraints that are NP-hard; another reason is that the achieved results can be converted
into the nearest discrete values using the rounding method [116]. However, model-based
algorithms are usually complicated to design, indicating a series of transformations, e.g.,
decoupling the denominator and numerator in SINR terms and relaxing integer constraints.

2) Heuristic algorithms: The primary benefit of the heuristic method is the low im-
plementation complexity, decoupling the problem into multiple stages and solving sequen-
tially, i.e., optimizing RIS control in an element-by-element manner. Heuristic algorithms
achieve a trade-off between optimality and low computational complexity. For example,
genetic algorithm (GA) and particle swarm optimization (PSO) are used for RIS phase
shifts in [117] and [118] to maximize the data rate. Meanwhile, statistical CSI is investi-
gated in [119] to obtain a closed-form expression of the uplink ergodic data rate, then GA
is deployed for phase control to maximize the data rate. In addition, Tabu search is ap-
plied to irregular RIS to decide the element design in [105]. Note that heuristic algorithms
may be combined with model-based algorithms. For instance, the energy-efficiency maxi-
mization problem in [120] is decoupled into the beamforming optimization, phase control,
and RIS on/off optimization, in which beamforming and phase control is solved by succes-
sive convex approximation (SCA), and RIS on/off is optimized by the greedy algorithm.
Other combinations can be found in [121] by combining semi-definite relaxation (SDR)
with greedy heuristic, and in [122] by combing SCA and SDR with matching methods.

3) ML algorithms: Data-driven ML algorithms present unified optimization schemes,
applying to diverse problems without dedicated design. Most optimization problems can
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be converted into unified MDPs that include state, action, transition probability and re-
wards, and then RL is utilized to maximize the reward for a higher sum-rate or energy
efficiency. For example, DRL has been used for RIS phase-shift optimization in [123–125].
In these studies, continuous phase shifts are quantized to form discrete action spaces for
DQN or DDQN. On the contrary, deep deterministic policy gradient (DDPG) can handle
continuous action spaces directly without quantization, which has been used for continuous
RIS phase-shift control in [126–128]. Then, supervised learning applies neural networks
for prediction-based control, utilizing CSI to predict achievable data rate, but it relies on
fine-grained labelled datasets [129, 130]. Meanwhile, neural networks may be used in an
unsupervised manner by involving the objective function in the loss function [131, 132].
Such an unsupervised learning approach can reduce the dependence on labelled datasets.
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Chapter 3

Multi-agent Correlated Q-learning for
Decentralized Microgrid Energy
Management

The energy management of MGs is complicated when renewable energy resources, ESS
and DSM are jointly optimized. Meanwhile, these systems may belong to different entities
with competition. Nash equilibrium is the most commonly used approach for coordinating
such entities; however, Nash equilibrium cannot guarantee convergence and existence. To
this end, this Chapter applies correlated equilibrium to coordinate agents with guaranteed
convergence. We build an energy trading model using the mid-market rate and propose a
CEQ algorithm to maximize the revenue of each agent. Our results show that the proposed
CEQ can balance the agents’ revenue without harming total profit. In addition, compared
with Q-learning without correlation, CEQ could save 19.3% cost for the DSM agent and
obtain 44.2% more profit for the ESS agent.

3.1 Community Microgrid System Model

This section introduces the demand side management model, the PV model and the energy
storage system model. Then, an energy trading model is built using the mid-market rate.
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3.1.1 Demand Side Management Model

The user demand is divided into crucial loads and deferrable loads. The DSM agent does
not interfere with the crucial loads, e.g., lighting and cooking devices [133]. However,
deferrable loads, such as dishwashers or water heaters, can be deferred to another time by
the DSM agent [134].

For n sets of deferrable devices, the state is described as:

ϱ⃗t = [ϱt,1, ϱt,2, . . . , ϱt,i, . . . , ϱt,Nde ] (3.1)

where ϱt,i = 1 represents turning on the devices in set i at time t, and ϱt,i = 0 represents
turning off. Nde indicates the total number of deferrable devices.

The power demand of DSM agent at time t is:

PDSM
t =

Nde∑
i=1

Piϱt,i (3.2)

where Pi is the power of deferrable devices set i. We assume an average power consumption
for the duration [t, t+ 1].

The deferrable devices must be served before a certain time limit. The waiting time for
devices is described as:

ι⃗t = [ιt,1, ιt,2, . . . , ιt,i, . . . , ιt,n], (3.3)

where ιt,i = 1 indicates that device set i is still under service at time t; ιt,i = 0 indicates
that this device set has been serviced or its turn has not come. If one device reaches its
time limit and has not been serviced, we assume it will be turned on mandatorily.

3.1.2 PV Model

In this work, we assume the PV power can be predicted with an acceptable error [135].

P PV
t = P̂ PV

t (3.4)

where P̂ PV
t is the predicted PV power.
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3.1.3 Energy Storage System Model

Here we consider a centralized ESS in the community MG. We use ςt to denote the state
of ESS at time t. To enhance the flexibility, two discharging levels are denoted as ςt equals
0.5 and 1, meaning that the ESS can be either fully discharged or half discharged. The
power of ESS is:

PESS
t = P charςt (3.5)

ςt =


−1 charge
0 unchanged

0.5 discharge
1 discharge

(3.6)

where P char is a constant charging power.

The state of charge (SOC) of ESS is updated according to:

SOCt+1 = SOCt −
P char

CESS
ςt (3.7)

where CESS is the capacity of ESS.

3.1.4 Energy Trading Model

The defined energy trading model is presented in Fig.3.1. The DSM agent could choose
ESS or the main grid as its energy source. The ESS agent could use PV or grid power to
charge, and it can sell its energy to the DSM agent or main grid. We make the following
assumptions to build the energy trading model:

Assumption 1: Compared with the main grid, PV power has a lower price: pPV < pbgridt .
Considering the rationality of the main grid, psgridt < pbgridt .

Assumption 2: Surplus PV power is only available when PV power generation is more
than the crucial load. Note that energy trading of the crucial load is out of the scope of
this work.

Assumption 3: If DSM is unable to consume all the ESS energy, ESS could sell the rest
energy to the main grid.
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Figure 3.1: Microgrid energy trading model with ESS, DSM and PV agents.

Table 3.1: Strategy combination of players with cooperation and threat

Value of ESS agent

middle price Cooperation Threat

DSM Agent
Cooperation 0.5psgrid + 0.5pbgrid 0.25psgrid + 0.75pbgrid

Threat 0.75psgrid + 0.25pbgrid Cooperation breaks

The mid-market rate has been widely used in peer-to-peer energy trading research as
in [39]. We use pmidt to represent the price of ESS selling electricity to DSM.

pmidt =
psgridt + pbgridt

2
(3.8)

where psgridt and pbgridt represent the prices of selling power to the main grid and buying
power from the main grid separately, respectively.

However, in a competitive environment, it is reasonable to assume that one agent may
take risks for higher profit, denoted as a threat strategy. The strategy combinations are
presented in Table 3.1. If one agent chooses a threat strategy and another agent still
cooperates, the former agent will earn more profit. On the other hand, if both choose
threat strategies, cooperation breaks up, and both agents will exchange power with the
main grid. In this work, we will use correlated equilibrium to coordinate agents’ actions,
avoid conflict and balance the revenue.
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3.1.5 Problem Formulation

Both ESS and DSM agents make decisions independently to optimize their individual
operations. The optimization objective of the ESS agent is maximizing its revenue:

max(P char

T op∑
t=1

ςtp
clear
t ) (3.9)

where T op is the simulation period; pcleart is the price of ESS agent buying/ selling electricity,
which is known as the market clearing price [31]. Clearing price denotes an ideal situation,
where the demand equals the supply and no shortage or surplus exist in the market. P char

and ςt have been defined in equation (3.5).

On the other hand, the optimization objective of DSM agent is minimizing cost:

min(
T op∑
t=1

PDSM
t pbuyt ) (3.10)

where pbuyt is the price of buying power at time t.

The optimization has to obey the following constraints:

P PV
t + P grid

t + PESS
t = PDSM

t (3.11)

SOCmin ≤ SOCt ≤ SOCmax (3.12)

ϱt,i ≤ ιt,i (3.13)

Equation (3.11) denotes the energy balance constraint, where P grid
t is the power of the

main grid. Equation (3.12) is the SOC constraint, where SOCmin and SOCmax are lower
and upper bound of ESS, respectively. Equation (3.13) is the DSM constraint, which means
only devices that have not been serviced could be turned on.

3.2 Correlated Q-learning Algorithm

This section proposes a CEQ based algorithm to coordinate the operation of agents. CEQ
is a MARL algorithm. The coordination between agents is achieved by exchanging the
state-action value matrix, which means it is implemented in a decentralized manner. We
assume that all agents are selfless and share true information with each other. This section
will introduce the system state, actions, rewards, and the correlated equilibrium.
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3.2.1 State and Actions

The system state is defined as:
s = {t, SOC, ι⃗} (3.14)

The actions of DSM and ESS agents are:

aDSM = {Y , a⃗} (3.15)

aESS = {X , ςt} , (3.16)

where Y belongs to a set of two choices: buying electricity from ESS or main grid; X
belongs to a set of two choices: selling power to the main grid or DSM.

The Q-value spaces of DSM and ESS agents are:

QDSM =
{
aESS, aDSM , t, SOC, ι⃗

}
(3.17)

QESS =
{
aESS, aDSM , t, SOC, ι⃗

}
(3.18)

3.2.2 Reward

The cost of ESS agent includes buying power from the PV or main grid, and the profit
is comprised of selling power to the main grid or DSM. Meanwhile, DSM agent aims to
minimize the cost by adjusting the operation time of deferrable devices and choosing a
lower-priced energy source. The rewards of the following two cases are formulated corre-
sponding to ESS charging or discharging.

1) At time t, if ESS agent chooses to charge, the instant reward is:

rESSt = PESS
t (PPV pPVt + (1− PPV )pbgridt ) (3.19)

where PPV denotes the proportion of buying power from PV (0 ≤ PPV ≤ 1).

ESS agent prefers PV power because of a lower price, but surplus PV power may not be
enough for ESS charging. As a liner programming problem, we give the following equation
of PPV :

PPV =
P PV
t − P crl

t

|PESS
t |

(3.20)

where P crl
t is the crucial load.
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Meanwhile, the DSM can only get power from the main grid. The reward of DSM agent
at time t is:

rDSMt = −PDSM
t pbgridt (3.21)

2) If ESS agent chooses to discharge, the reward of ESS agent is:

rESSt = PESS
t (PESSpmidt + (1− PESS)psgridt ) (3.22)

where PESS denotes the proportion of selling power to DSM (0 ≤ PESS ≤ 1). According
to equation (3.8), the ESS will try to sell power to DSM agent for a higher price. Note that
DSM may be unable to buy all ESS power, and therefore we give the following equation:

PESS =
PDSM
t

PESS
t

(3.23)

The reward of DSM agent is:

rDSMt = −PDSM
t (PDSMpmidt + (1− PDSM)pbgridt ) (3.24)

Similarly, denoting the proportion of buying power from ESS by:

PDSM = min(
PESS
t

PDSM
t

, 1) (3.25)

3.2.3 Correlated Equilibrium

The aims of ESS and DSM agents are to maximize their rewards in a simulation epoch.
For the agent λ, with the initial state s0, the expected accumulated discounted reward
under a policy π is:

V π
λ (s) = Eπ[

∞∑
n=0

γnrλ(sn, an)|s = s0] (3.26)

where γ is the reward discount factor.

For a state s and action a, we define the state-action value:

Qπ
λ(s, a) = rλ(s, a) + γ

∑
s′∈S

P (s′|s, a)V π
λ (s) (3.27)

Then we have the following relationship:

V π
λ (s) =

∑
a∈A

πx(a)Qλ(s, a) (3.28)
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Algorithm 3.1 Correlated Q-learning
1: Initialize: microgrid and Q-learning parameters
2: for j = 1 to episode do
3: Reset state s
4: for t = 1 to T do
5: Calculate eligible aDSMt , aESSt according to state s
6: if rand < ϵ then
7: Randomly choose aDSMt , aESSt

8: else
9: Agents exchange current state-action matrix

10: Find equilibrium by equation (3.29) and get optimal joint action aDSMt , aESSt

11: end if
12: [rDSMt ,rESSt ] = Reward (s,aDSMt ,aESSt )
13: Update Q, t, SOC and w⃗
14: end for
15: end for
16: Output:Optimal action sequence from t = 1 to T

In CEQ algorithm, agents choose an optimal joint action by exchanging the Q-value
matrix, and we assume both agents know possible actions of each other. The joint actions
of agents are chosen according to correlated equilibrium:∑

a−λ∈A−λ

πx(a−λ, aλ)Qλ(s, a−λ, aλ) ≥
∑

a−λ∈A−λ

πx(a−λ, aλ)Qλ(s, a−λ, a
′
λ) (3.29)

where the aλ and a′λ denote the action of agent i in correlated equilibrium and non-
equilibrium, a−λ denotes the actions of agents except agent λ, A−λ denotes the action
set of agents except λ. Meanwhile, equation (3.29) denotes that the joint-optimal action is
chosen by exchanging Q-values, which means the private information of each agent could
be well protected.

The policy is improved according to ϵ-greedy policy:

πλ(s) =

{
random rand ≤ ϵ

equation(3.29) rand > ϵ
(3.30)

Where ϵ is a small value between 0 and 1; rand is a random number between 0 and 1.

It is worth noting that ESS will only choose eligible actions, e.g., the charge action is
eliminated if SOC=1. The CEQ algorithm is summarized in Algorithm 3.1.
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Figure 3.2: Daily PV power and crucial load
settings

Figure 3.3: Daily Time-Of-Use electricity
price

Table 3.2: Parameter settings of DSM loads with time limit and duration time

Device Number Operation time limit (Hours) Average duration time (Hours)
1 [1, 8] 1
2 [7, 13] 1
3 [10, 17] 2
4 [15, 21] 1
5 [20, 5+24h] 3

Table 3.3: Parameters settings of MG with ESS capacity and electricity price

Parameters value

Capacity of ESS: CESS 120 kWḣ

ESS charge power: Pchar 30kW

Price of PV selling electricity to ESS: pPV 0.03 $/kWḣ

Price of selling electricity to grid: psgrid 0.08 $/kWḣ

3.3 Simulation Result

3.3.1 Parameter Settings

We use MATLAB for our simulations. The PV power and crucial loads are shown in Fig.3.2,
which are extracted from [38]. Fig.3.3 shows the Time-of-Use (TOU) electricity prices
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according to the winter TOU price of Ontario, Canada. Table 3.2 shows the operation time
limits and the operation duration of five sets of deferrable devices [136]. For each device,
the power (kW) is an integer number generated randomly from the set [8, 14], representing
the average power consumed throughout the operation. We repeat the simulations for 30
runs and present the averaged values with 95% confidence intervals in plots. Table 3.3
shows other parameter settings.

3.3.2 Energy Management with Correlated Q-learning

First, we set the initial SOC of ESS to 0.25, and correlated Q-learning is used to optimize
the cost of ESS agent and the profit of DSM agent. The results of average DSM cost and
ESS profit are shown in Fig.3.4, where the cost decreases and profit increases through the
iterations of the algorithm. It is observed that both agents converge.

Fig.3.5 presents the daily schedule of the optimal MG energy management. Positive
bars represent load, charging or selling electricity to the main grid, while negative bars
represent discharging or surplus PV power. The negative and positive bars have the same
total height in each hour, meaning energy balance is well maintained. For example, from
1:00 to 2:00, ESS agent discharges with a power of 15kW, and DSM agent uses 10kW for
operation, while the rest of 5kW is sold to the main grid. Due to a lower charging price,
ESS agent uses surplus PV power to charge from 11:00 to 15:00. Meanwhile, DSM agent
uses ESS power for operation, and both agents benefit from cooperation.

Figure 3.4: Average DSM cost and ESS
profit with iterations.

Figure 3.5: Optimal microgrid energy man-
agement policy
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Figure 3.6: Deferred operation time of each device in 24 hours

Fig.3.6 shows how devices are deferred. Devices 1 and 2 start immediately because they
have already worked under the minimum TOU price in their time limit. Devices 3 and 4
are deferred 5 and 2 hours later for a lower TOU price, respectively. Although the TOU
price is lower from 13:00 to 18:00, note that device 3 starts operation at 15:00, because the
ESS agent uses surplus PV power for charging from 11:00 to 15:00, and the ESS agent is
unable to discharge in this period. Device 5 is deferred to 1:00 of the next day.

3.3.3 Comparison under Different PV Power

In the following two sections, we compare three cases:
Case I: CEQ is used to coordinate two agents.
Case II: Q-learning without correlation (QLWC) is implemented, where each agent maxi-
mizes their rewards and ignores others.
Case III: Q-learning with aggregator (QLWA) is conducted in this case, where all agents
belong to one aggregator and maximize the total revenue. Considering that centralized
optimization can usually get the global optimal result, we compare CEQ with QLWA to
show that the distributed nature of CEQ does not harm total revenue.

The initial SOC of ESS is set to 0.25, and two cases are compared under different peak
PV power. As shown in Fig.3.7 and Fig.3.8, the CEQ outperforms QLWC with a lower
DSM cost and higher ESS profit, respectively. The 100% Peak PV power is defined as
Fig.3.2. At 100% PV power, CEQ saves 16.5% cost for the DSM agent and earns 25.5%
more profit for the ESS agent. At 80% PV power, the proportion for the DSM and ESS
agents become 16.3% and 30.4%, respectively. CEQ earns at most 44.2% more profit than
QLWC when peak PV power is only 20%. The main reason is the CEQ can coordinate
the operation of the DSM and ESS agents. ESS uses PV power to charge and sell the
energy to DSM. On the contrary, in QLWC, both agents try to maximize their rewards,
and cooperation breaks. Instead of buying energy from the ESS agent, the DSM agent

49



Figure 3.7: Comparison of DSM cost under
different PV power

Figure 3.8: Comparison of ESS profit under
different PV power

Figure 3.9: Comparison of DSM cost under
different initial SOC

Figure 3.10: Comparison of ESS profit un-
der different initial SOC

buys electricity from the main grid. Meanwhile, the ESS agent uses PV power to charge
and sells the electricity to the main grid.

3.3.4 Comparison under Different Initial SOC of ESS

In this section, we set the PV power to 100% and compare three cases under different
initial SOC of ESS. Note that the initial SOC cost is not considered.

As shown in Fig. 3.9 and Fig. 3.10, the CEQ has a lower DSM cost and higher ESS
profit than QLWC. The DSM agent uses ESS energy for operation, and both agents benefit.
At 0.75 initial SOC, the DSM agent in CEQ could save 19.3% cost, and ESS agent in CEQ
could earn 16.3% more profit than QLWC. After the DSM agent receives enough energy
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Table 3.4: Comparison of CEQ and QLWC under different initial SOC ($)

Initial SOC 0.25 0.5 0.75 1.00

CEQ
Profit 10.55 12.95 15.35 17.75

Cost 9.20 9.23 9.20 9.21

QLWA-Revenue 1.35 3.72 6.15 8.54

from ESS, the ESS will sell surplus energy to the main grid for profit. As a result, the
DSM cost remains unchanged, but ESS profit still increases.

Furthermore, at 100% PV power, we compare the performance of CEQ with QLWA in
Table 3.4. If we use the profit of CEQ minus the cost, we will get the same total revenue
with QLWA. The result proves CEQ did not harm the total profit of the whole MG.
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Chapter 4

Multi-agent Bayesian Deep
Reinforcement Learning for Microgrid
Energy Management under
Communication Failures

This Chapter proposed a multi-agent BA-DRL algorithm for the MG energy management.
The proposed algorithm is designed to be robust under both power supply uncertainty and
communication failures uncertainty between IoT-enabled loads, storage and generation in
MGs. We assume each agent employs BA-DRL independently and shares Q-values for
collaboration, but the shared Q-values may be lost due to failures in the underlying com-
munication system. These failures can be system failures, packet loss, or delayed/obsolete
packets. To address this problem, we include a novel Bayesian belief update method, which
estimates the actions of other agents by updating beliefs. Considering the large state-
action space, a double deep Q-learning architecture is applied for Q-values estimation, and
a novel belief-based correlated equilibrium is proposed for the collaborative action selection
of agents. The BA-DRL is compared with both model-free Nash deep Q-learning (Nash-
DQN) and model-based ADMM methods, and the results show that BA-DRL maintains
better performance than baseline algorithms.
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Figure 4.1: Microgrid system architecture with PV, DSM and ESS agents.

4.1 MG System Architecture and Energy Model

4.1.1 System Architecture

The MG system architecture is shown in Fig.4.1. We consider three types of agents,
namely PV, DSM, and ESS agents. A PV agent may control multiple solar panels, ESS
agent can control multiple storage devices, and DSM agent controls all controllable loads
[137]. Agents exchange information with the energy trading platform to sell or buy energy,
maximizing the profit. Meanwhile, to maintain the overall profit of the whole MG, we
assume agents can exchange collaboration information with each other by a parameter
server. In each time slot, the parameter server forwards the message of one agent to all
other agents by wireless networks because of its low cost and high flexibility. This way, all
agents share the collaboration information, which will be used for the decision-making of
each agent [138]. However, communication failures may occur during information exchange,
especially over the wireless networks, and some agents may be temporarily isolated [139,
140]. Due to the missing collaboration information, the isolated agent is very likely to take
arbitrary actions, and the profit of other agents may be harmed. As a result, it is critical
to consider the communication failures between agents in MG energy management.
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4.1.2 Microgrid Agents Model

The DSM agent controls the demand of multiple deferrable devices such as water heaters
or dishwashers. The devices connect to the DSM controller via IoT technologies as in
[141,142]. These devices can change their operation time to reduce costs, and the comfort
level of end users will not be affected. We assume an average power consumption, and the
total power demand of the DSM agent with D sets of devices is:

P dsm
t =

Nde∑
g=1

Pgϱt,g (4.1)

where Nde is the total number of DSM devices sets, Pg is the average power consumption
of devices in set g, and ϱt,g is a binary value to represent the on/off status. Considering
the end users’ comfort level, these devices must be serviced before a certain time limit.
The waiting time for devices is described as:

ι⃗t = [ιt,1, ιt,2, . . . , ιt,g, . . . , ιt,Nde ], (4.2)

where ιt,g is the waiting time of device g at time t. Here we assume the device g should
be serviced between the operation time limit [tstart, tend], which means ιt,g ≤ tend − tstart,
and ιt,g can be easily calculated by ιt,g = t− tstart, in which t is current time slot. We set
ιt,g to 0 when t < tstart or t > tend. Meanwhile, crucial devices, e.g., lighting and cooking
devices, which cannot change their operation time, are not involved in this work since the
agent has no control over them.

For the PV agent, we assume the PV power can be predicted with an error term, which
describes the uncertainty of the PV power and the possible prediction inaccuracy [135].

The power of ESS agent is:
P ess
t = P charςt (4.3)

where P char is the fixed charging power, and ςt equals 1, -1 and 0 when discharging,
charging, and unchanged, respectively. Note that we assume a centralized MG-level ESS,
instead of one ESS for each house in MG [49].

The SOC of ESS is updated according to:

SOCt+1 = SOCt −
P char

Cess
ςt (4.4)

where Cess is the ESS capacity.
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4.1.3 Bidding based Microgrid Energy Trading

This section introduces the MG energy trading model, where power suppliers and con-
sumers are involved [143]. In the proposed MG, PV agent is a power supplier, and DSM
agent is a power consumer, while ESS agent can be a supplier when discharging or con-
sumer when charging. The main grid can also participate in energy trading as a supplier
or consumer for the energy balance of MG. Firstly, every supplier submits its power supply
capacity P sup and bidding price psup. All consumers submit their power demand P dem, and
the total power demand is calculated accordingly. Next, as shown in Fig.4.2, the suppliers
will be ranked from lowest to highest bidding price. Then, the bidding price at the inter-
section of total power demand and total supply is determined as the clearing price for this
market, which indicates that the total power supply is equal to power demand with this
price.

Moreover, if
∑
P sup <

∑
P dem, the main grid participates in the market as a supplier,

and the bidding price pgrid, which is offered by the main grid, will be the clearing price.
On the contrary, if

∑
P sup >

∑
P dem, some suppliers need to sell the surplus electricity to

the main grid, which is normally at a lower price. The bidding price higher than the pgrid
will be unacceptable, because consumers always desire a lower energy price. Similarly, the
suppliers are unlikely to offer a lower price than selling energy directly to the main grid.
In this market, suppliers with a lower bidding price are more likely to be accepted, which
will benefit the MG consumers [144]. It is worth noting that the bidding information is
private for each agent, and no agent can manipulate the market.

4.1.4 Problem Formulation

Considering the DSM agent is always a consumer, it needs to minimize its cost:

min(
T op∑
t=1

D∑
g=1

Pgϱt,gp
c
t) (4.5)

where T op is the optimization horizon, pct is the clearing price.

The PV agent, in turn, aims to maximize the utility:

max(
T op∑
t=1

(P pv
t p

c
t − (β(P pv

t )2 + ζP pv
t + Φ))) (4.6)
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Figure 4.2: Bidding-based microgrid energy trading.

where P pv
t is the PV power. The widely used quadratic function is adopted to present the

generation cost of PV, and β, ζ,Φ are cost coefficients.

Finally, the ESS agent maximizes its utility using:

max(
T op∑
t=1

P ess
t pct) (4.7)

Equation (4.5), (4.6) and (4.7) define the objectives of DSM, PV and ESS agents,
respectively. The DSM agent controls the on/off status of its devices to minimize its energy
cost as a consumer. PV agent intends to maximize its profit by submitting an appropriate
bidding price as an energy supplier. ESS agent buys energy when the energy price is lower
and sells energy when the price is higher to maximize the total profit. Equations (4.5)
to (4.7) show that each agent can make decisions autonomously to maximize its profit or
reduce the cost, then all three objectives are simultaneously improved. Meanwhile, the
problem is optimized under the following constraints:

P pv
t + P grid

t + P ess
t = P dsm

t (4.8)

ϱt,g ≤ ιt,g (4.9)

ιt,g ≤ ιmaxg (4.10)
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SOCmin ≤ SOCt ≤ SOCmax (4.11)

Equation (4.8) is the energy balance constraint; (4.9) is the DSM constraint, which
means only devices that have not been serviced can be turned on; (4.10) means the wait-
ing time cannot exceed the maximum limit; (4.11) is the SOC lower and upper bound
constraint.

4.2 Multi-agent POMDP

This section defines the MA-POMDP and introduces a Bayesian belief update method.
In MA-POMDP, each agent maintains beliefs on other agents. When some agents are
isolated by communication failures, other agents can make reasonable estimations about
the actions of isolated agents.

4.2.1 MA-POMDP Definition

As shown in Fig.4.3(a), in the conventional MDP, an agent takes actions at based on the
current state st, then receives a reward rt and arrives to a new state st+1. However, in
some cases, the agent cannot directly observe the underlying state st, which is common in
practice. partially observable Markov decision process (POMDP) is proposed to describe
cases in which the state is partially observable [145]. The POMDP is represented with
< S,A, T,R,Ω, O, b >, in which S, A, T and R represent the set of states, set of actions,
transition probability, and reward function, respectively. Ω is the set of observations o,
O is the observation function, and b(st) is the belief of state st. In POMDP, an agent is
not sure about its state st, but the observation ot is always available when it comes to
a new state. The observation function O(st|ot) maps the observation result ot to state
st. Fig.4.3(b) shows the architecture of POMDP. It is worth noting that agents can only
choose actions by observations ot in POMDP, instead of st in MDP.

Although POMDP is defined for solving the state uncertainty, an agent in a multi-agent
system is more likely to be uncertain about the actions of other agents instead of its state.
These unknown actions will directly affect the system environment. The proposed MA-
POMDP is shown in Fig.4.3(c), where each agent has its state, action, reward, observation
and belief. Based on the current states and beliefs, the agent selects its actions and gets
the corresponding reward; then, it moves to the next state. Meanwhile, each agent will
make observations about the actions of its peers, which is represented by the dashed lines
from the action of other agents to observations of one specific agent.
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(a) MDP architecture

(b) POMDP architecture

(c) MA-POMDP architecture

Figure 4.3: Definitions of MDP, POMDP, and MA-POMDP

For agent λ, the observation set is denoted as o⃗t−λ = (otλ,1, o
t
λ,2, ..., o

t
λ,λ−1, o

t
λ,λ+1, ..., o

t
λ,n).

Here, otλ,φ means the observation made by the agent λ for the action of agent φ at time
t (φ ̸= λ). Indeed, one agent is unlikely to fully share its action selection with other
agents, especially under communication failure. However, the observations do not rely on
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actual communications, and they are generated according to the accumulated experience
of agents, which means no direct communication is needed. Given this characteristic of
the observation function, we can utilize the MA-POMDP as a solution for communication
failure between agents. Specifically, we assume that each intelligent agent can maintain
a belief set b⃗t−λ = (btλ,1, b

t
λ,2, ..., b

t
λ,λ−1, b

t
λ,λ+1, ..., b

t
λ,n) about actions of other n − 1 agents.

btλ,φ means the belief of agent λ for the action of agent φ at time t (φ ̸= λ). Based
on observations at time t, the belief can be updated from t to t + 1, as described in
the following Section 4.2.2. Noting that the proposed MA-POMDP is different from the
existing decentralized POMDP. In decentralized POMDP, all agents work as a team to
maximize the global reward, but each agent has its reward in our proposed MA-POMDP.

Based on the proposed MA-POMDP scheme, we define the state, action, reward, and
observation function of MG agents:

• For the DSM agent, the state is defined by current time and device waiting time
{t, W⃗}, and the action is the on/off status of DSM devices. The reward function is
given by the objective of DSM agent to minimize energy cost, which is indicated by
equation (4.5).

• For PV agent, the state is defined by current time and power {t, P PV
t }, and the action

is bidding price. The reward function is defined by equation (4.6) in the problem
formulation to maximize its profit.

• For ESS agent, the state is defined by time and SOC {t, SOC}, and the action
includes ESS power and bidding price. The reward function is defined as equation
(4.7) to maximize its utility.

The proposed observation function is presented as Fig.4.4, which can be divided into two
parts: observation generation and action estimation. Firstly, in the observation generation
phase, when agent λ takes action at1, an intermediate observation ≀t1,x will be generated
with a probability pt1,x (1 ≤ x ≤ |Aλ|,

∑|Aλ|
x=1 p

t
1,x = 1), in which the ≀t1,x means the xth

intermediate observation of action at1 (shown by the red dashed arrow in the left of Fig.4.4).
Then the ≀t1,x will be mapped to otφ,λ,x, which is the final observation results received by
agent φ. Secondly, in the action estimation phase, the observation results received by
agent φ will be mapped to the estimated actions of agent λ. As shown by Fig.4.4, the
relationship between observation and estimation results is defined by otφ,λ,x → atx, which
means receiving otφ,λ,x will lead to estimated action atx. However, ot1,λ,x can also be mapped
by other intermediate observations like pt2,x or pt|Aλ|,x. It denotes that the real action of
agent λ is never known by agent φ, and observation error is inevitable. For example,
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Figure 4.4: Observation function definition with partial observability.

when DSM agent takes an action atdsm, PV and ESS agents will receive observations for
the on/off status of DSM agent, which is an estimated action of DSM agent. Although
the real action atdsm is never known by PV and ESS agents, the long-term observation can
still reflect the action selection routine of DSM agent, which can be utilized to update the
beliefs. Note that the observation functions can be defined in various ways, and here we
define our function according to the MG environment.

4.2.2 Bayesian Belief Update Method

This section introduces how to use observations to update beliefs by the Bayesian rule.
Let the agent with communication failures be called as problematic agent (PA), and other
agents are normal agents (NAs). Note that the proposed method can be applied for the
multiple PA case without loss of generality. Here PA is isolated due to failed transmissions
(which NAs can infer by a missing periodic update), and it will ignore other agents when
choosing its actions. Meanwhile, considering all agents are independent, NAs cannot know
the state and actions of the PA. However, NAs could make some observations about the
actions of PA, and map the observation results to actions, which is a basic assumption in
POMDP problems [146].

The historical experience from former j−1 episodes is used to form the beliefs of actions
in jth episode. Based on Bayesian rules, when oi is observed, the posterior distribution of

60



action ai is:

bj(ai|oi) =
O(oi|ai)bj(ai)∑
ai∈AO(oi|ai)bj(ai)

(4.12)

where bj(ai) is the prior belief of PA action ai at episode j, and
∑

ai∈AO(oi|ai)bj(ai) is the
normalizing constant. bj(ai|oi) represents the expected probability that PA takes action ai
when observing oi. Note that bj(ai|oi) is the conditional probability based on observation
oi, which can not be used directly as a new prior belief for the next update. Then we need
to use the bj(ai|oi) to update the bj(ai) to bj+1(ai), which can be used in the next episode.

Let AP be the action set of PA. C⃗P,j−1 = (c1,j−1, c2,j−1, ..., c|AP |,j−1) denotes that the
action ai is expected to be selected ci,j−1 times in the past j − 1 episode, and b⃗j(a) =
(bj(a1), bj(a2), ..., bj(a|AP |)) is the prior belief of PA actions. Considering

∑
ai∈AP

bj(ai) = 1,
the distribution of bj(ai) obeys Dirichlet distribution Dirt(⃗bj(a)|C⃗P,j) [146].

Dirt(⃗bj(a)|C⃗P,j) =
τ(
∑|AP |

i=1 ci,j)∏|AP |
i=1 τ(ci,j)

|AP |∏
i=1

bj(ai)
ci,j−1 (4.13)

where τ is the gamma function.

At episode j, a new observation oj is received, which updates C⃗P,j−1 to C⃗P,j. Then the
expected prior distribution of taking action ai is calculated by:

E(bj(ai)) =
∑j

k=1 bk(ai|ok)∑j
k=1

∑|AP |
i=1 bk(ai|ok)

=

∑j−1
k=1 bk(ai|ok) + bj(ai|oj)∑j−1

k=1

∑|AP |
i=1 bk(ai|ok) +

∑|AP |
i=1 bt(ai|oj)

=
ci,j−1 + bj(ai|oj)∑|AP |

i=1 (ci,j−1 + bj(ai|oj))

(4.14)

Meanwhile, Dirt(⃗bj−1(a)|C⃗P,j−1) is the Dirichlet distribution, and the expected value
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Figure 4.5: Sequential Bayesian belief update method.

of bj−1(ai) is:

E(bj−1(ai)) =

∫
bj−1(ai)Dirt(⃗bj−1(a)|C⃗P,j)d(⃗bj−1(a))

=
τ(
∑|AP |

i=1 ci,j−1)∏|AP |
i=1 τ(ci,j−1)

∫
bj−1(ai)

ci,j−1+1−1

|AP |∏
k=1,k ̸=i

bj−1(ak)
ck,t−1−1d(⃗bj−1(a))

=
τ(ci,j−1 + 1)

∏|AP |
k=1,k ̸=i τ(ci,j−1)

τ(1 +
∑|AP |

i=1 ci,j−1)

τ(
∑|AP |

i=1 ci,j−1)∏|AP |
i=1 τ(ci,j−1)

=
ci,j−1∑|AP |
i=1 ci,j−1

(4.15)

In Dirichlet distribution, with the new experiment results ∆b, the new expectation
becomes:

E(bj(ai)) =
ci,j−1 +∆b∑|AP |

i=1 (ci,j−1 +∆b)
(4.16)

It is obvious that ∆b = bj(ai|oj) if we compare equation (4.16) with (4.14), which means
we could use bj(ai|oj) to update the expectation of taking action ai, and Ex(bj(ai)) is used
as a new prior distribution of ai in (4.16).

The proposed Bayesian belief update method can be summarized by Fig.4.5. Given
observations O(oi|ai) and prior belief bj(ai), Bayesian rule is applied to calculate the pos-
terior distribution bj(ai|oi). Then, we update the bj+1(ai) by equation (13) to (16), which
will be used in the next episode to calculate new posterior distribution bj+1(ai|oi). By
repeating this cycle, the prior belief on the PA actions can be used in the action selection
of BA-DRL.
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4.3 Bayesian Deep Reinforcement Learning

Based on the defined MA-POMDP, we present the BA-DRL algorithm. In this section,
we first introduce the overall architecture and network training method of BA-DRL, and
then we propose a belief-based correlated equilibrium for the action selection under com-
munication failure. Moreover, Nash-DQN and ADMM methods are introduced as baseline
algorithms.

4.3.1 BA-DRL Architecture and Network Training

This work applies a DDQN framework for state-action value prediction. DDQN can better
estimate the Q-values by decoupling the action selection and evaluation, and the loss
function of DDQN is defined as:

Loss(w) = Er(rt + γQ(st+1, argmax
a
Q(st+1, a, w), w′)−Q(st, at, w)) (4.17)

where α is the learning rate, γ is the discount factor, s is the state, a is the action. w and
w′ are the weight of main and target networks, respectively, and Er is the error function.
The target network will evaluate the action, and the main network will select actions by
argmax

a
Q(st+1, a, w)). By decoupling the action selection and evaluation, the DDQN can

provide more accurate Q-values than DQN.

With the DDQN architecture, the proposed multi-agent BA-DRL is shown in Fig.4.6,
where each agent runs BA-DRL independently. For example, in ESS agent shown in
yellow, after atess is sent to MG trading platform, a tuple (stess, a

t
ess, r

t
ess, s

t+1
ess ) is received

from MG trading environment, which will be stored in the experience pool. Then the
network training part is shown at the bottom. ESS agent implements a random minibatch
from the experience pool. For every data tuple (stess, a

t
ess, r

t
ess, s

t+1
ess ), main network predicts

Q(stess, a
t
ess, w) and finds actions by argmax

aess
Q(st+1

ess , aess, w)). Target network evaluates

the action by Q(st+1
ess , argmax

aess
Q(st+1

ess , aess, w), w
′). Predicted values are utilized in loss

function by gradient descent to update main network weight. After some iterations, the
main network weight will be copied to the target network. This late update provides a
stable reference for the main network, which helps BA-DRL to be robust to power supply
uncertainty such as PV power.

Meanwhile, here we use the LSTM structure in target and main networks, which is
a special RNNs. The hidden node of traditional RNNs only include a single activation
function, but the hidden node in LSTM is a memory cell with forget, input, and output
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Figure 4.6: Multi-agent BA-DRL architecture for MG energy trading.

gates, and contents can be memorized, erased or exposed accordingly [147]. As such, LSTM
can better capture the long-term data dependencies. Compared with existing DDQN
frameworks that applied traditional deep neural networks, our BA-DRL uses LSTM to
better learn the complicated long-term MG energy trading patterns.

Finally, in Fig.4.6, note that both beliefs and Q-values affect the action selection part.
On the one hand, ESS agent will collect observations of atPV and atDSM , which is shown by
the yellow dashed lines on the top. Given the observations as input, the Bayesian belief
update is illustrated by the block at the bottom of Fig.4.6, and the updated prior beliefs
will be finally used for action selection. On the other hand, the main network will predict
Q-values of the current state, and agents exchange Q-values by the parameter server for
collaboration. But the communication failure may occur (shown by the red cross at the
bottom), and ESS agent (or another agent) can be temporarily isolated. However, with
the Bayesian belief update method defined in Section 4.2.2, agents can use beliefs to select
actions under communication failure, which will be introduced in the next section.

4.3.2 Belief-based Correlated Equilibrium

Action selection is a critical part of reinforcement learning algorithms. For one agent case,
the ϵ-greedy policy is generally applied for action selection. However, multi-agent action
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selection is much more complicated because the environment is affected by the actions
of multiple agents simultaneously. With communication failures, some agents will lose
collaboration information with the community, and it is hard to make an optimal joint-
action for all agents. Although the collaboration information of isolated agents is missing,
normal agents can still utilize their beliefs to estimate the possible actions of isolated agents
and make the best response accordingly.

In this section, we propose a belief-based correlated equilibrium, which enables normal
agents to use beliefs to make the best response to communication failure in a decentralized
manner. Here we assume that all agents are selfless and they will share true information
with each other. When the agent λ is isolated due to a communication failure, other agents
choose the joint-action by:

max
aλ∈Aλ

b(aλ)
∑

a⃗−λ∈A−λ

Pr(s, a⃗−λ)Q(s, a⃗−λ, aλ)

sub.to
∑

a⃗−λ∈A−λ

Pr(s, a⃗−λ) = 1

∑
a−λ,−k∈A−λ,−k

Pr(s, a⃗−λ)(Q(s, a⃗−λ)−Q(s, a⃗−λ,−k, aλ, ak)) ≥ 0

0 ≤ Pr(s, a⃗−λ) ≤ 1

(4.18)

where b(aλ) is the belief that agent λ will choose action aλ. a⃗−λ means the action combina-
tion of other n− 1 agents except agent λ, Pr(s, a⃗) is the probability of taking joint-action
a⃗ = (a1, a2, ..., an) under state s, A−λ is the set of a⃗−λ.

The objective of (4.18) is to maximize the total expected reward of NAs, and find an
optimal probability distribution to enable each agent to choose an optimal action. We
multiply the belief b(aλ) with the total expected reward of other n− 1 agents∑

a⃗−λ∈A−λ
Pr(s, a⃗−λ)Q(s, a⃗−λ, aλ) to represent the expected reward under this belief. Mean-

while, the constraints guarantee that action combination a⃗−λ brings more expected re-
ward with probability distribution Pr(s, a⃗−λ), which is indicated by Pr(s, a⃗−λ)(Q(s, a⃗−λ)−
Q(s, a⃗−λ,−k, aλ, ak)) ≥ 0.

The BA-DRL is summarized in Algorithm 1. We apply the action selection constraints
here to realize the optimization constraints in the learning process. For example, ESS
agent cannot choose to discharge if SOC = 0.

4.3.3 Baseline Algorithms: Nash-DQN and ADMM
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Algorithm 4.1 BA-DRL
1: Initialize: MG and BA-DRL parameters
2: for j = 1 to episode do
3: for t = 1 to T op do
4: for all Agents do
5: With probability ϵ, choose actions randomly; otherwise, predict Q(st, at, w),

and:
6: if Communication Failure then
7: PAs select actions by the greedy policy.
8: NAs exchange Q-values and calculate belief-based correlated equilibrium by

equation (4.18).
9: else

10: All agents exchange Q-values and find optimal joint-action by correlated equi-
librium.

11: end if
12: Make observations of other agents’ actions. Calculate the posterior distribution

and update C⃗P,j by equation (4.14).
13: end for
14: Agents take actions and update their state, and save (st, at, rt, st+1) to their expe-

rience pool.
15: end for
16: Every C episodes, random sample a minibatch from the experience pool. Generate

target Q-values QT (st, at)={
rt if done

rt + γQ(st+1, argmax
a

Q(st+1, a, w), w′) else

17: Update w using gradient descent by minimizing the loss Loss(w) = Er(QT (st, at)−
Q(st, at, w)).

18: Copy w to w′ after several training.
19: end for
20: Output:Optimal action sequence from t = 1 to T op

This work uses the Nash-DQN and ADMM as baseline algorithms. Nash equilibrium is
generally applied for multi-agent coordination problems, and Nash-DQN is compared as a
learning-based algorithm. Meanwhile, ADMM algorithm is a well-known model-based dis-
tributed optimization method, which can be applied for MG economic dispatch problems.
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Algorithm 4.2 Nash-DQN
1: Initialize: MG and DQN parameters
2: for j = 1 to episode do
3: for t = 1 to T op do
4: for all Agents do
5: With probability ϵ, choose actions randomly; otherwise, predict Q(s, a, w) and

find its own Nash equilibrium by equation (4.19).
6: end for
7: Agents exchange equilibrium information and match the system equilibrium iter-

atively. Neglecting the isolated agent if a communication failure occurs.
8: Agents take actions and update its own state s, and save (st, at, rt, st+1) to their

own experience pool.
9: end for

10: Every C episodes, random sample a minibatch from experience pool, the target
Q-values QT (st, at) is:

11: {
rt if done

rt + γmax
a

Q(st+1, a, w′) else

12: Update w using gradient descent by minimizing the loss Loss(w) = Er(QT (st, at)−
Q(st, at, w)).

13: Copy w to w′ after several trainings.
14: end for
15: Output:Optimal action sequence from t = 1 to T op

Nash-DQN is a multi-agent DRL method, in which each agent runs a DQN indepen-
dently, and Nash equilibrium is applied for the joint-action selection. In Nash equilibrium,
no agent will change its action because it will result in a lower utility. The Nash equilibrium
is described as:

Uλ(⃗a−λ, aλ) ≥ Uλ(⃗a), a⃗ ∈ A, a⃗−λ ∈ A−λ, (4.19)

where Uλ is the utility function for agent λ, a⃗ is the joint-action of all agents, a⃗−λ is the
joint-action of other agents except agent λ, A is the action set of a⃗, and A−λ is the action
set of a⃗−λ. Equation (4.19) indicates that agent λ will not change its action aλ because
it will lead to a lower utility Uλ for itself. Furthermore, the multi-agent system will reach
Nash equilibrium when all agents get their equilibrium. It is worth noting that all agents
need to exchange information iteratively to find a system-level Nash equilibrium, which
increases the risk of communication failure. Here we assume other agents will neglect the
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isolated agents under communication failure. Nash-DQN is given in Algorithm 2.

On the other hand, here we compare the ADMM with BA-DRL to show the superiority
of the learning-based method. In the ADMM framework, the MG system is described as:

min costdsm(P dsm
t )− profitpv(ppvt )− profitess(P ess

t , pesst )

sub.to (4.8)− (4.11)
(4.20)

where P dsm
t and P ess

t are power of DSM and ESS agents, respectively. ppvt and pesst are
the biding prices of PV and ESS agent at time t. The convexity of equation (4.20) can be
easily proven as a combination of quadratic and linear problems. In ADMM, the problem
will be first transformed to an augmented Lagrangian form. Then each sub-objective is
updated sequentially, and the iteration will stop when the value converges. Noting that
agents must frequently exchange dual variables in ADMM. We assume ADMM is applied
in each time slot until convergence, then the next time slot comes.

4.4 Performance Evaluation

4.4.1 Simulation Settings

We assume there are PV, ESS and DSM agents in a MG. The predicted PV power is gen-
erated according to, and the prediction error obeys a Gaussian distribution. The bidding
price is discretized as [0.05, 0.09, 0.13, 0.17, 0.21, 0.25] $/kW·h. MG and BA-DRL param-
eters are shown in Table 4.1. There are 5 sets of deferrable devices, where the operation
time limit and average duration time are shown in Table 4.2. Here, 4+24h means 4 am of
the next day.

We apply the well-known experience reply technique for network training. In particular,
the former experience <state, action, reward, next state> will be saved in the experience
pool, considered the generated data for network training. After every 40 episodes, a random
minibatch is implemented in the experience pool, and the batch data will be used for main
network training. The neural network contains 4 layers, including one input layer, one
output layer, and two LSTM hidden layers with 35 nodes. Hyperparameter tuning is a
well-known issue for network training, and here we set our values using the grid search
method by trying different parameter combinations. The simulation is repeated for 10
runs in MATLAB platform to get averaged values with 95% confidence interval.
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Table 4.1: Parameter settings of MG and BA-DRL algorithm.

MG Parameters BA-DRL Parameters

PV capacity 30kW Network layers 4

PV prediction
error N(0, 0.1P pvt )

Training
frequency Every 40 episodes

ESS charging
power 20kW Hidden layers 2 LSTM (35

nodes)

ESS capacity 120kW·h Batch size 120

ESS initial SOC 0.4 Experience Pool 1200

SOC limit [0,1] Learning rate 0.005

Grid feed-in price 40% Discount factor 0.6

Table 4.2: Properties of deferrable devices with power consumption and duration time

Device Number Average
Power(kW)

Operation time
limit (Hours)

Average duration
time (Hours)

1 6 [1, 8] 2

2 15 [7, 13] 1

3 19 [10, 17] 1

4 10 [15, 22] 3

5 7 [20, 4+24h] 1

4.4.2 Microgrid Energy Trading with Communication Failure

This section explains how MG energy trading and pricing work under BA-DRL. Fig.4.7(a)
shows the performance under perfect communication. The ESS agent uses PV power to
charge in daylight and sells the electricity to DSM devices at night, which will benefit the
whole MG. In Fig.4.7(b), we assume the ESS agent suffers a communication failure at time
15. Then ESS agent will neglect other agents and make its own decision. Compared with
Fig.4.7(a), the main difference is that ESS charges at time 15. Considering that the PV
power is not enough for DSM devices and ESS charging at the same time, the main grid
participates in the market. Then the uniform clearing price is dominated by the main grid,
where the new price 0.16 $/kW·h is much higher than the original clearing price 0.072
$/kW·h. As a result, both ESS and DSM agents have to buy electricity at a higher price.

69



Table 4.3: Observation function parameters with 8 possible actions and oberservations

o1 o2 o3 o4 o5 o6 o7 o8
a1 0.6 0.0571 0.0571 0.0571 0.0571 0.0571 0.0571 0.0571
a2 0.0571 0.6 0.0571 0.0571 0.0571 0.0571 0.0571 0.0571
a3 0.0571 0.0571 0.6 0.0571 0.0571 0.0571 0.0571 0.0571
a4 0.0571 0.0571 0.0571 0.6 0.0571 0.0571 0.0571 0.0571
a5 0.0571 0.0571 0.0571 0.0571 0.6 0.0571 0.0571 0.0571
a6 0.0571 0.0571 0.0571 0.0571 0.0571 0.6 0.0571 0.0571
a7 0.0571 0.0571 0.0571 0.0571 0.0571 0.0571 0.6 0.0571
a8 0.0571 0.0571 0.0571 0.0571 0.0571 0.0571 0.0571 0.6

It means that other agents are affected by the communication failure of ESS agent, and the
overall profit is harmed. The failed transmission does not only change the current action,
but also affects the following actions. For example, compared with Fig.4.7(a), ESS also
makes a different decision at time 17 in Fig.4.7(b).

Furthermore, we apply the BA-DRL, and PV and DSM agents will maintain beliefs
on ESS’s actions. Based on the former definition shown as Fig.4.2 in Section 4.2.1, we
set the observation function as Table 4.3. When action ai of ESS agent is actually taken,
only one observation result is received. With a probability 0.6, the observation result is oi.
However, there is a chance that other observation results will be received, and we assume
an equal probability here. PV and DSM agents only know the observation results, but
the real action is never known to them. We first explain the results under this particular
observation function, and then we present the results under various observation functions
in the following sections. The results are shown in Fig.4.7(c). At time 15, when ESS agent
makes a wrong decision, DSM agent turns off the devices, and PV agent sells electricity to
ESS agent with a lower clearing price. The main reason is that DSM and PV agent make a
belief that ESS agent will charge at time 15 based on their retrospective experiences, and
they apply the belief-based correlated equilibrium to select joint-action. Compared with
selling electricity to the grid, the ESS agent sells electricity to DSM devices at time 17, and
both agents are benefited. Compared with Fig.4.7(b), the MG system buys less electricity
from the main grid, benefiting the MG consumers. This example helps us demonstrate
how the proposed scheme works under communication failures.
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(a) Energy trading with normal communication

(b) Energy trading with communication failure

(c) Energy trading with Bayesian estimation

Figure 4.7: MG energy management and pricing under various scenarios.

4.4.3 BA-DQL Performance under Supply Uncertainty

Power generation uncertainty is a critical concern for MG that rely on renewables. Hence
the designed algorithm should maintain a satisfactory performance under uncertainty. In
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(a) DSM cost under PV uncertainty (b) DSM cost under communication uncertainty

Figure 4.8: MG system performance under uncertainty and different algorithms

this section, we investigate the BA-DRL performance under 2 types of uncertainty: PV
generation uncertainty and communication uncertainty resulting from the failed transmis-
sions. Based on the BA-DRL scheme, we compare the DDQN architecture with normal
DQN to present the superiority of DDQN.

Fig.4.8(a) shows the DSM daily cost from 5200 to 5500 iterations, where each iteration
contains 24 time slots as shown in Fig.4.7. The result shows that the DDQN architecture
maintains a good performance under PV uncertainty. Compared with DQN architecture,
the DDQN method obtains 6.7% lower cost, and the main reason is that it overcomes the
overestimation problem and provides a better estimation. Noting that the lower limit of
daily DSM cost is because DSM agent has already obtained the lowest energy price.

Fig.4.8(b) presents the performance under communication uncertainty, where there
is a 1% probability of communication failures between the parameter server and agents.
It shows that daily DSM cost is affected by the communication failure. The missing
collaboration information misleads agents, and they may make suboptimal decisions. Our
proposed scheme still maintains good performance. Compared with DQN scheme, the
DDQN architecture has a 5% lower DSM cost.

The good performance of DDQN architecture in Fig.4.8 (a) and (b) can be explained by
its ability to mitigate the overestimation issue. In traditional DQN, both action selection
and evaluation are conducted by the target network, and it constantly selects the maximum
Q-values of the next state. If every time the Q-value is calculated a higher value, then
the Q-value predicted by the neural network will be obviously higher every time, which
will lead to an over-optimistic Q-value estimation. However, in DDQN, decoupling the
action evaluation and estimation can provide more accurate Q-value estimations, leading
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(a) Average DSM cost comparison (b) Instantaneous DSM cost comparison

(c) Average DSM cost under different observa-
tion

(d) Estimation belief and accuracy analyses

Figure 4.9: MG system performance under uncertainty and different algorithms.

to better action selection and overall performance.

4.4.4 Comparison under Communication Failure

In this section, we compare the BA-DRL with other baseline algorithms, including the
Nash-DQN and ADMM methods. To better show the effect of communication failures,
we assume normal communication between 3000-5000 episodes, and communication failure
occurs with 1% probability from 5000 to 10000 episodes.

Fig.4.9(a) and (b) show the average and instantaneous daily DSM cost. In the first 3000-
5000 iterations, which is assumed to be a perfect communication period, BA-DRL has a
4.3% lower cost than Nash-DQN, and 9.1% lower than ADMM method. The reasons are
that Nash-DQN is affected by overestimation, and ADMM method cannot detect the long-
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term reward. In 5000-10000 iterations, communication failures occur with 1% probability.
Then all three algorithms have a higher cost, which means failed transmissions affect the
performance of DSM agent. However, the BA-DRL achieves a lower cost than Nash-DQN
and ADMM. In BA-DRL, normal agents can estimate isolated agents’ action pattern, and
make decisions by the belief-based correlated equilibrium. On the contrary, Nash-DQN
and ADMM methods cannot estimate the behavior of other agents when communication
fails, and the missing information leads to a higher cost.

It is obvious that the BA-DRL relies on the observation function, and Fig.4.9(c) ana-
lyzes the performance under different observation functions, where f = 0.3 means that we
use 0.3 to replace the value 0.6 in Table 4.3. Fig.4.9(d) presents the belief and accuracy,
in which the accuracy means the proportion of correct estimation. Fig.4.9(c) and (d) show
that a higher observation accuracy leads to lower cost and higher estimation accuracy.
With more observations, agents can learn the action patterns of isolated agents. Based on
the observation results, DSM agent updates beliefs and makes a good estimation for ESS
actions under communication failures.

4.4.5 Comparison of Various Communication Failure Probabilities

Finally, we present the performance of all agents and the whole MG under different commu-
nication failure probabilities. Fig.4.10(a) shows that the BA-DRL achieves higher profit for
PV and ESS agents, and lower cost for DSM agent. Fig.4.10(b) shows that BA-DRL buys
less energy from the grid, and sells more energy to the grid, which means a higher profit
for the whole MG. Compared with Nash-DQN and ADMM, BA-DRL sells 5.9% and 12.7%
more energy, and buying 8.2% and 13.9% less energy under 1% communication failure
probability. Fig.4.10(c) also demonstrates that BA-DRL maintains a high reward for over-
all MG with varying communication failure probabilities. With 1% communication failure
probability, BA-DRL has a 4.1% and 10.3% higher reward compared with Nash-DQN and
ADMM.

In Fig.4.10(d), we investigate the number of failed transmissions of different algorithms.
ADMM has many more failures, mainly because agents need to communicate iteratively
until the result converges, while Nash-DQN has a similar problem. However, BA-DRL
only exchanges Q-values once for each time slot, which causes fewer losses under the same
failure probability. In Fig.4.10(e), we assume the Bayesian estimation is applied in part of
agents, where All-BA, T-BA, O-BA and No-BA indicate all agents, two random agents,
only one agent and no agent, respectively. It demonstrates that partial estimation will
lead to a lower system reward, and O-BA has comparable performance to No-BA. The
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(a) Comparison under different algorithms. (b) Comparison of energy exchange with grid

(c) Comparison of microgrid overall reward (d) Comparison of number of failed transmis-
sions

(e) Comparison of different estimation strategy (f) Comparison of different observation func-
tion

Figure 4.10: Comparison of different communication failure probabilities
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Figure 4.11: Convergence performance of multi-agent BA-DRL

cost and profit of different agents under various observation function values, investigated
in Fig.4.10(f), demonstrates that an accurate observation function can lead to a higher
profit and lower cost for agents.

4.4.6 Convergence and Complexity analyses

Finally, we present the convergence performance and complexity analyses. The convergence
performance of the proposed multi-agent BA-DRL is shown in Fig.4.11. It is observed
that all agents benefit from the BA-DRL algorithm, including the increasing ESS and PV
profits as well as the decreasing DSM cost. The results show that the proposed multi-
agent BA-DRL can coordinate the actions of all agents and converge to a satisfactory
overall performance for the whole MG. The convergence performance of BA-DRL can be
explained by the good convergence property of correlated equilibrium. In addition, we
decay the learning rate every several iterations, contributing to a stable learning process
and a good convergence performance.

In addition, we analyze the memory and runtime complexity of the proposed algorithms.
In this work, the hardware environment is Intel core i7-7770 central processing unit (CPU)
with 16 G memory size. For the memory complexity, both BA-DRL and Nash-DQN use
the neural network for Q-values approximation. It means no huge Q-table is needed to
record all the Q-values; thus, the memory space is greatly reduced. Meanwhile, the ADMM

76



algorithm also has no stringent requirements for memory space, because there is no need
to store variables between iterations.

For the run time complexity, the BA-DRL is designed in a decentralized manner, and
each agent runs BA-DRL parallelly, reducing the complexity and improving scalability.
The computational complexity of LSTM network that we used in BA-DRL is given by
O((MC)2) (see the appendix A.1), where M is the number of memory blocks, and C is
the number of memory cells in each block. Meanwhile, the correlated equilibrium also con-
tributes to the computational complexity. It can be easily formulated as a linear problem
and solved in polynomial time O(nk), where n is the number of agents, and k is the power
of polynomial. The average runtimes per iteration are 0.331s for BA-DRL, 0.325s for Nash-
DQN and 0.129s for ADMM. The BA-DRL has a comparable runtime with Nash-DQN,
but ADMM has a much lower runtime. This result can be explained by the time-consuming
network training process, which is a well-known issue for DRL algorithms. However, the
network training is only implemented after a certain number of iterations. The runtime can
be alleviated by reducing network training frequency or simplifying network architecture.

77



Chapter 5

Multi-agent Correlated Q-Learning for
5G RAN Slicing

In 5G networks, heterogeneous QoS requirements of different services and limited spectrum
resources make radio resource allocation a challenging problem [148, 149]. This Chapter
proposed a MARL method for radio resource slicing in 5G networks. Similar to the multi-
agent MG environment, we model each slice as an intelligent agent that competes for
limited radio resources, and the correlated Q-learning is applied for inter-slice resource
block (RB) allocation. However, it is worth noting that these two environments can be
very different, requiring dedicated algorithm designs. The proposed COQRA scheme is
compared with Nash Q-learning (NQL), LRTQ methods, and priority proportional fairness
(PPF) algorithm. The simulations show that the proposed COQRA achieves 32.4% lower
latency and 6.3% higher throughput when compared with LRTQ, and 5.8% lower latency
and 5.9% higher throughput than NQL. In addition, significantly higher throughput and
lower packet drop rate are observed compared with PPF algorithm.

5.1 System Model and Problem Formulation

As shown in Fig.5.1, we consider URLLC and eMBB slices where each slice serves several
users. First, the slice manager collects QoS requirements of the users, such as bandwidth
and latency, then the collected information is sent to the software defined networks (SDN)
controller for the required resources. Based on the received requirements, SDN controller
implements inter-slice RB allocation to distribute RBs between slices. Then, the users are
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Figure 5.1: Network slicing-based two-step resource allocation.

scheduled within the allocated RBs for that particular slice. We consider numerology 0,
where one RB contains 12 sub-carriers in the frequency domain.

Here we assume each slice manager is an intelligent agent making decisions autonomously.
For the eMBB agent, it needs to maximize the throughput, as denoted by:

max
J∑
j=1

Ej∑
e=1

bj,e,t, (5.1)

where bj,e,t is the throughout of eth eMBB user in jth BS at time t, and Ej is the number
of eMBB users of jth BS.

URLLC agent needs to minimize the delay as follows:

min
J∑
j=1

Uj∑
u=1

dj,u,t, (5.2)

where dj,u,t is the delay of uth URLLC user in jth BS at time t, and Uj is the number of
URLLC users of jth BS.

The packet delay d mainly consists of three components:

d = dtx + dque + drtx, (5.3)

where dtx is the transmission delay, dque is the queuing delay, and drtx is the re-transmission
delay.
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The transmission delay of a packet depends on the link capacity between the UE and
the BS:

dtx =
Lu
Eu,j

, (5.4)

where Lu is the packet size of uth UE, and Cu,j is the link capacity between uth UE and
the BS it belongs to.

The link capacity is calculated as follows:

Eu,j =
∑

r∈NRB
u

bRBlog(1 +
pj,rxj,r,ugj,r,u

bRBN0 +
∑

j′∈J−j
pj′,r′xj′,r′,u′gj′,r′,u′

), (5.5)

where NRB
u is the set of RBs that the uth UE uses, bRB is the bandwidth of one RB, pj,r is

the transmission power of rth RB in jth BS, xj,r,u is a binary variable to indicate whether
this RB is distributed to uth UE, gj,r,u is the channel gain between BS and UE, N0 is the
unit noise power density, and j′ ∈ J−j is the BS set except jth BS.

5.2 Correlated Q-learning Based Resource Allocation

5.2.1 COQRA Architecture

The architecture of the proposed multi-agent COQRA is illustrated in Fig.5.2. Each slice is
an independent agent and observes its state from the environment. The agent exchanges Q-
values with its peers to make decisions, and the action selection is determined by correlated
equilibrium. Then, the selected actions are sent to the wireless environment, and eMBB and
URLLC users are scheduled RBs within the slide resources according to the proportional
fairness algorithm [73]. Users transmit packets based on allocated bandwidth, and the
experienced throughput and delay are sent back to agents. Finally, the reward is received,
and slice managers make the next decisions based on the new state and updated Q-values.

5.2.2 Markov Decision Process and Q-learning

In this section, based on the system model, we will define the MDP to describe agents and
introduce the learning scheme. Here we define each slice manager as an intelligent agent,
which will interact with the environment and make decisions autonomously.
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Figure 5.2: Proposed COQRA architecture for resource management among slices.

We assume each agent has its state, action and reward signal. The state su for URLLC
slice manager agent (from hereon, referred to as URLLC agent) is the number of packets in
its queue, and the action au is the number of RBs it allocates. The state and action for the
eMBB slice manager agent (from hereon, referred to as eMBB agent) are defined similarly,
namely se and ae. Thus, the Q-space for both agents are Qu = {su, au} and Qu = {se, ae}.

The reward function for eMBB agent is given in (5.6), where obtaining higher through-
put leads to a higher reward [77]

reMBB
j,t =

2

π
arctan

|MeMBB
j |∑
u=1

bj,u,t

, (5.6)

where MeMBB
j is the set of eMBB users in BS j.
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The reward function for URLLC agent at time t is [77]

rURLLCj,t =

1− max
u∈Hu

t

(dqueu )2, |Hu
t |≠ 0,

0, |Hu
t |= 0,

(5.7)

where dqueu is the queuing delay for uth URLLC user, |Hu
t | denotes the length of the queue

for URLLC users at time slot t. In (5.7), a lower queuing delay means a higher reward,
which depends on the number of RBs that the agent gets. URLLC agent competes for
more RBs to reduce the queuing delay. Meanwhile, to guarantee the packet drop rate, we
apply a constant negative reward as a penalty if any packet is dropped.

In Q-learning, one agent always aims to maximize the long-term accumulated reward.
For one agent λ, the state value is:

V π
λ (sλ) = Eπ(

∞∑
n=0

γnrλ(sλ,n, aλ,n)|sλ = sλ,0), (5.8)

where π is the policy, sλ,0 is the initial state, rλ(sλ,n, aλ,n) is the reward of taking action
aλ,n at state sλ,n, γ is the reward discount factor. V π

λ (sλ) represents long-term expected
accumulated reward at state sλ.

Then we define the state-action value Qπ
λ(sλ, aλ) to describe the expected reward of

taking action aλ under state sλ:

Qπ
λ(sλ, aλ) = (1− α)Qπ

λ(sλ, aλ) + α(r(sλ, aλ) + γmaxQπ
λ(s

′
λ, a

′
λ)) (5.9)

where sλ and s′λ are current and next state, and aλ and a′λ are current and next action,
and α is the learning rate. By updating the Q-values, the agent will learn the best action
sequence, and achieve a long term best reward.

When only one agent exists, the ϵ-greedy policy is generally applied to balance explo-
ration and exploitation.

aλ =

{
random action, rand ≤ ϵ,

argmax(Qπ
λ(sλ, aλ)), otherwise,

(5.10)

where ϵ is the exploration probability, and 0 < ϵ < 1, and rand indicates a random number
between 0 and 1.

On the other hand, in a multi-agent environment, the action of one agent will affect both
the environment and the reward of the other agents. Therefore, we propose a correlated
Q-learning-based resource allocation approach to address the multi-agent 5G environment.
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5.2.3 Correlated Equilibrium

Given the limited bandwidth resources, in our multi-agent environment, each slice manager
agent will compete for more RBs to optimize their own goal, which may lead to a conflict.
Therefore, we use the correlated equilibrium to balance the reward of each agent and main-
tain good overall performance for the whole multi-agent system. In correlated equilibrium,
agents exchange Q-values for sharing information, and the joint action is chosen according
to the following equations:

max
∑
a⃗∈A

Pr(s⃗, a⃗)Q(s⃗, a⃗)

sub.to
∑
a⃗∈A

Pr(s⃗, a⃗) = 1∑
a⃗−λ∈A−λ

Pr(s⃗, a⃗λ)(Q(s, a⃗λ)−Q(s⃗, a⃗−λ, aλ)) ≥ 0

0 ≤ Pr(s⃗, a⃗) ≤ 1

(5.11)

where s⃗ is the system state of eMBB and URLLC agents s⃗ = (se, su), a⃗ = (ae, au) is the
joint action, Pr(s⃗, a⃗) is the probability of choosing action combination a⃗ under state s⃗, aλ
is the action of agent i, a⃗−λ is the action combination except agent i, and A−λ is the set of
a⃗−λ. The correlated equilibrium is described as a linear program in (5.11). The objective
is to maximize the total expected reward of all agents, and the constraints guarantee a
probability distribution of action combination in which each agent chooses an optimal
action.

Based on correlated equilibrium, an improved ϵ-greedy policy is applied for action
selection:

πλ(s) =

{
random action, rand ≤ ϵ,
equation(5.11), rand > ϵ.

(5.12)

Exploration is performed whenever rand ≤ ϵ, i.e., random action is selected. Otherwise,
the exploitation is implemented by correlated equilibrium. The COQRA scheme is sum-
marized in Algorithm 1. In COQRA, the two-step resource allocation method avoids the
complexity of processing all UE requirements by a central controller, which will reduce the
computational complexity of the learning algorithm by a smaller action space.
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Algorithm 5.1 COQRA based Resource Allocation
1: Initialize: Q-learning and wireless network parameters
2: for TTI = 1 to T do
3: if rand < ϵ then
4: Choose aut and aet randomly.
5: else
6: Agents exchange Q-values under their current state. Find correlated equilibrium

using eq. (5.11) and choose action aut , aet
7: end if
8: Complete inter-slice resource allocation.
9: Implement intra-slice allocation. Schedule users on respective slice resources using

the proportional fair algorithm.
10: Agents calculate reward based on received QoS metrics.
11: Update agent state su, se and Q-table Qu and Qe .
12: end for

5.2.4 Nash Equilibrium

This section introduces the NQL algorithm, which is generally used in multi-agent prob-
lems. Compared with correlated equilibrium, the Nash equilibrium is an iterative-based
coordination method. In some cases, there could be more than one Nash equilibrium or
no equilibrium. We use NQL as a baseline algorithm. In NQL, agents select actions by:

Uλ(⃗a−λ, aλ) ≥ Uλ(⃗a), a⃗ ∈ A, a⃗−λ ∈ A−λ, (5.13)

where a⃗ is the action combination, a⃗−λ is the action combination except agent i, A is the set
of a⃗, and A−λ is the set of a⃗−λ. Uλ is the utility function for agent i, which refers to Q-values
in this work. At Nash equilibrium, agents are less likely to change their actions, leading
to lower observed utility. Similarly, we apply an improved ϵ-greedy policy to select actions
as (5.13). The NQL scheme is summarized in Algorithm 2. We assume the equilibrium is
randomly selected if more than one equilibrium is found.

5.2.5 LRTQ and PPF Algorithms

To further investigate the performance of the proposed method, two more baseline algo-
rithms are used in this work. LRTQ was proposed in [77]. LRTQ is also a learning-based
resource allocation method, but it only defines one reward function for all users. PPF
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Algorithm 5.2 NQL based Resource Allocation
1: Initialize: Q-learning and wireless network parameters
2: for TTI = 1 to T do
3: if rand < ϵ then
4: Choose aut and aet randomly.
5: else
6: Each agent, searching its own Nash equilibrium using eq. (5.13).
7: Match each agent’s equilibrium to get the system Nash equilibrium.
8: Agents choose actions according to the system Nash equilibrium.
9: end if

10: Complete inter-slice resource allocation.
11: Implement intra-slice allocation, using the proportional fair algorithm.
12: Agents calculate reward based on received QoS metrics.
13: Update agent state su, se and Q-table Qu and Qe.
14: end for

algorithm is applied in [73]. In PPF, the RBs are first allocated to URLLC users to guar-
antee low latency, then the remaining RBs are distributed among eMBB users. Note that
network slicing is not implemented in both of these baseline algorithms. These algorithms
perform RB allocation decisions only.

5.3 Performance evaluation

5.3.1 Parameter Settings

We use MATLAB to implement our proposed algorithm. We consider five gNBs with 500
meters inter-site distance, each serving one eMBB and one URLLC slice. Each eMBB
slice serves 5 users, and URLLC slice has 10 users, randomly distributed in the cell. The
bandwidth for a cell is 20 MHz, and there are 100 RBs. Each RB contains 12 sub-carriers,
and each sub-carrier has 15kHz. 100 RBs are divided into 13 RB groups, where the first 12
groups contain 8 RBs each, and the last group contains 4 RBs. The simulation period is
5000 TTIs, and each TTI contains 2 Orthogonal frequency-division multiplexing (OFDM)
symbols (5G mini-slot length 0.143ms) allocations. The ϵ-greedy policy is implemented
in the first 3000 TTI, and the rest 2000 TTI is pure exploitation. Other parameters are
shown in Table 5.1, and the Q-learning parameters are selected by grid search method.
Each scenario is repeated 10 runs to get an average value with 95% confidence interval.
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Table 5.1: Parameter settings of wireless networks and Q-learning

Parameters Value

Traffic Model

URLLC Traffic: 80% Poisson distribution
and 20% constant bit rate.

eMBB Traffic: Poisson distribution.

Packet Size: 32 Bytes.

Propagation Model
128.1+37.6log(distance(km)).

Log-Normal shadowing with 8 dB.

Transmission settings

Transmission power: 40 dBm
(Uniform distributed)

Tx/Rx antenna gain: 15 dB.

3GPP urban network.

Q-learning

Learning rate: 0.9

Discount factor: 0.5

Epsilon value: 0.05

5.3.2 Simulation Results

First, we set eMBB load to 0.5 Mbps per cell and consider that URLLC load changes
from 1 Mbps to 3 Mbps per cell. The latency distribution of four algorithms is shown in
Fig.5.3. Meanwhile, Fig.5.4 presents the average URLLC latency against varying URLLC
offered loads. The results show that COQRA, NQL and PPF have a comparable latency
distribution, while the LRTQ has a relatively higher latency. The PPF has the lowest
overall latency for URLLC traffic, and the main reason is that URLLC traffic has a priority
in this method. Whenever URLLC packet arrives, it will be directly scheduled over eMBB
traffic in the PPF algorithm. Meanwhile, the COQRA achieves 4.4% and 5.8% lower
latency than NQL when URLLC load is 2 Mbps and 3 Mbps, respectively. Compared
with LRTQ, the COQRA has a 27.1% lower latency under 2 Mbps load, and 32.4% lower
latency under 3 Mbps load.

Furthermore, the eMBB throughput under different URLLC loads is shown in Fig.5.5.
The result shows that COQRA, NQL and LRTQ have a close performance of throughput,
while the PPF has a much lower value. When URLLC load is 3 Mbps, the COQRA
method has a 5.9% higher throughput over NQL method, and 6.3% higher than LRTQ.
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Figure 5.3: URLLC latency distribu-
tion[ms] under 2Mbps load per cell.

Figure 5.4: URLLC latency [ms] with vary-
ing offered load [Mbps] per cell.

Figure 5.5: eMBB throughput with varying
URLLC loads [Mbps].

Figure 5.6: Average packet drop rate under
varying URLLC loads [Mbps].

Although the PPF has a good latency performance for URLLC, the eMBB throughput is
almost 90% lower than the other three algorithms. This result can still be explained by the
priority settings in PPF, which means the eMBB throughput will decrease with increasing
prioritized URLLC load. On the other hand, the COQRA, NQL and LRTQ benefit from
the jointly optimizing scheme, and they maintain a good throughput performance. In
Fig.5.6, we compare the packet drop rate of four algorithms. We show that COQRA,
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Figure 5.7: Convergence performance of COQRA and NQL

NQL and LRTQ maintain a much lower packet drop rate than PPF method. In learning
algorithms, agents will get a negative reward when dropping packets. However, PPF fails
to maintain a low packet drop rate under all traffic loads, where a worst-case packet drop
rate of 1.8% is observed. Finally, we compare the convergence performance of COQRA
and NQL, and a faster convergence is observed for COQRA in Fig.5.7. The reason is that
COQRA has a more efficient way of finding the equilibrium. Overall, COQRA outperforms
all baseline methods in terms of latency, throughput, packet loss and convergence time.

88



Chapter 6

Transfer Reinforcement Learning-based
Radio and Computation Resource
Allocation in 5G RAN Slicing

To implement network slicing in 5G, resource allocation is a key function to allocate lim-
ited network resources such as radio and computation resources to multiple slices [150,151].
However, the joint resource allocation also leads to higher complexity for network man-
agement. In addition, compared with MG energy management, 5G networks have more
stringent requirements for fast and real-time responses, which indicates faster algorithm
training and convergence. Therefore, this Chapter proposed a KTRA method to jointly
allocate radio and computation resources for 5G RAN slicing. Compared with existing
works, the main difference is that KTRA method has a knowledge transfer capability. It
is designed to use the prior knowledge of similar tasks to improve the performance of the
target task, e.g., faster convergence speed or higher average rewards. Here we assume
the expert agent has been well-trained for solving source tasks, and no extra training is
required for the existing expert agent. The proposed KTRA is compared with Q-learning
based resource allocation (QLRA) algorithm, and KTRA method presents an 18.4% lower
URLLC delay and a 30.1% higher eMBB throughput as well as a faster convergence speed.
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6.1 System Model and Problem Formulation

6.1.1 Network Architecture

The proposed system model is shown in Fig.6.1. We assume the base station (BS) is
equipped with a MEC server to process computation tasks of eMBB and URLLC slices
[152]. We apply a two-step resource allocation scheme. In the inter-slice phase, the BS
intelligently allocates radio and computation resources between different slices. Then these
resources are utilized within each slice in the intra-slice phase. For example, the URLLC
slice operator will distribute radio resources between attached UEs, and use available MEC
server capacity to process the computation tasks of its UEs. In this work, we mainly focus
on inter-slice resource allocation. Given this architecture, the delay experienced by a
computation task is:

d = dtx + drtx + dque + ϑdedge + (1− ϑ)dcloud, (6.1)

where dtx and drtx are the task transmission and retransmission delays, respectively. dque
is the queuing delay in BS, which is considered the scheduling delay. dedge is the processing
delay in MEC server, and dcloud is the processing delay in the central cloud. ϑ is a binary
variable. ϑ = 1 if the task is computed in the BS, and ϑ = 0 means the task is forwarded
to the central cloud. We presume the intelligent BS will decide whether to process the
task in MEC server or offload it to the cloud. Equation(6.1) shows that the delay is
affected by both radio and computation resources. The radio resource allocation will
affect the transmission delay dtx, and computation resource allocation can change the
processing delay dedge. Meanwhile, the scheduling efficiency will affect the queuing delay
dque. Following, we will explain the communication and computation model.

6.1.2 Communication Model

We considerRBs as the smallest time-frequency resource distributed to users. The trans-
mission delay dtx between BS and UE is:

dtx =
Lu
Ej,u

, (6.2)

where Lu is the transmitted packet size of UE u, Ej,u is the link capacity between the BS
j and the UE u. The link capacity depends on the number of RBs that are allocated to
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Figure 6.1: Proposed system architecture for hierarchial resource allocation.

this transmission:

Ej,u =
∑

r∈NRB
u

bRBlog(1 +
pj,rxj,u,rgj,u,r

bRBN0 +
∑

j′∈J−j

∑
u′∈Mj′

∑
r′∈NRB

j′

pj′,r′xj′,u′,r′gj′,u′,r′
),

(6.3)

where NRB
u denotes the set of RBs that is allocated to UE u, bRB denotes the bandwidth

of one RB, N0 denotes the noise power density, pj,r denotes the transmission power of RB
r in BS j. xj,u,r is a binary variable. xj,u,r = 1 means the RB r is allocated to UE u;
otherwise xj,u,r = 0. gj,u,r denotes the channel gain between BS j and UE u. J−j denotes
the set of BSs except jth BS, Mj′ denotes the set of UEs in BS j′, and NRB

j′ denotes the
set of total RBs in BS j′.
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6.1.3 Computation Model

For a computation task from UEs, we assume it requires certain computation resources to
complete the task (denoted by the number of CPU cycles). Then the processing delay in
MEC server dedge is:

dedge =
cu,q
BCj

, (6.4)

where cu,q denotes required computation resources of task q from UE u, B denotes the
proportion of computation resources allocated to this task (0 ≤ B ≤ 1), and Cj denotes
the total computation capacity of MEC server in BS j.

On the other hand, BS may offload the task to central cloud computation servers [153].
The dcloud in equation(6.1) is described as:

dcloud = dup + ddown + dc,que + dc,computation, (6.5)

where dup and ddown are upload and download transmission delays of the computation task,
respectively. dc,que is the cloud queuing delay, and dc,computation is cloud computation delay.
The ddown and dc,computation can be omitted because: i) the downloaded packet size after
computation is usually much smaller than the input packet; ii) the central cloud usually
has a very high computation capacity [154,155]. Then equation(6.5) can be rewritten as:

dcloud =
1

B
Ls

− ϕ
+ dc,que, (6.6)

where B is the backhaul capacity, B/Lu denotes the service rate, and ϕ is the packet
arrival rate. We apply the M/M/1 queue model to describe the upload delay dup = 1

B
Ls

−ϕ .
Meanwhile, this work mainly focuses on the RAN resource allocation, and it is reasonable
to assume a fixed cloud queuing delay dc,que. Finally, we assume: i) the task is preferred
to be processed in the MEC server of the BS due to the potential benefit of MEC; ii)
BS will offload the task to the central cloud if the queuing time expires the preset target
delay [156].

6.1.4 Problem Formulation

Here we consider two typical slices: eMBB and URLLC slices. The eMBB slice intends to
maximize the throughput, while the URLLC slice requires lower latency. The intelligent BS
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needs to balance the requirements of both slices; then we define the problem formulation
as follows:

max wembbbembb,avgj + wurllc(dtar − durllc,avgj ) (6.7)

s.t. bembb,avgj =

∑
u∈Membb

j

bembbj,u

|Membb
j |

(6.7a)

burllc,avgj =

∑
v∈Murllc

j

durllcj,v

|Murllc
j |

(6.7b)

(6.1) (6.2) (6.3) (6.4) (6.5) (6.7c)∑
u∈Membb

j

xj,u,r′ +
∑

v∈Murllc
j

xj,v,r′ = 1 (6.7d)

∑
r′∈NRB

j′

(
∑

u∈Membb
j

xj,u,r′ +
∑

v∈Murllc
j

xj,v,r′) ≤ |NRB
j | (6.7e)

Cembb
j + Curllc

j ≤ Cj (6.7f)

where bembb,avgj and durllc,avgj denote the average throughput and latency of eMBB and
URLLC slices, respectively, which are calculated by equation(6.7a) and (6.7b). wembb and
wurllc are weighting factors to balance two metrics and form an overall objective. dtar is the
preset target delay of URLLC slice, which will bring a positive reward if dtar > durllc,avgj .
bembbj,u is the throughput of UE u in the eMBB slice of BS j, and durllcj,v is the latency of UE
v in the URLLC slice. Membb

j and Murllc
j denote the UE set of eMBB and URLLC slices

in BS j, respectively. In equation(6.7), a higher eMBB throughput and a lower URLLC
latency are expected to maximize the objective. The equation(6.7d) guarantees one RB
can only be allocated to one UE. Equation (6.7e) and (6.7f) mean that total allocated RBs
and computation capacity should not exceed the available resources in the BS j.

6.2 Knowledge Transfer based Radio and Computation
Resource Allocation

In this section, we first introduce the proposed KTRA method, including the knowledge
transfer strategy, MDP definition, and the knowledge transfer reinforcement learning. Then
we introduce the Q-learning-based resource allocation scheme as a baseline algorithm.
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Figure 6.2: Learning strategy comparison between RL and HRL

6.2.1 Knowledge Transfer Strategy and MDP definition.

First, we compare knowledge transfer reinforcement learning with reinforcement learning
to better explain the knowledge transfer strategy. The interaction between agent and task
can be described by MDP < S,A, T,R >, where S, A, T , R are the set of states, set
of actions, transition probability, and reward function, respectively. As shown in Fig.6.2,
in reinforcement learning, the agent selects an action, receives a reward, and arrives in a
new state. The agent starts to explore the task from scratch, since no prior knowledge is
available in the learning phase.

By contrast, in knowledge transfer reinforcement learning, two agents are involved,
namely learner and expert agents. Compared with the single learning phase in RL, knowl-
edge transfer reinforcement learning has two phases: the knowledge transfer phase and the
learning phase. In the knowledge transfer phase, considering different MDP definitions of
two agents, a map function is needed to transform the expert agent’s knowledge to the
leaner agent. In the learning phase, the learner agent utilizes the expert agent’s knowledge
to improve its performance on the target task. The learner agent is expected to achieve a
higher exploration efficiency, since it already has some prior knowledge at the beginning of
exploration.

In this work, we define a learner agent for joint radio and computation resources alloca-
tion and an expert agent for radio resource allocation. The expert agent has no knowledge
of computation resource allocation, but its knowledge of radio resource allocation can be
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used by the learner agent. Following, we will define the state, action and reward of two
agents.

• State: The states of both expert and learner agents are (qembb, qurllc). qembb de-
notes the number of tasks in the queue of eMBB slice, and qurllc is defined similarly.
(qembb, qurllc) represents the demands of two slices, and the agent can select actions
accordingly.

• Action: For the expert agent, it only implements the radio resource allocation, and
then the action is defined as (rembb, rurllc), which represents the number of radio
resources allocated to eMBB and URLLC slices. For the learner agent, it consid-
ers both radio and computation resource allocation, and then the action is defined
as (rembb, rurllc, cembb, curllc), where cembb and curllc denote the computation capacity
allocated to eMBB and URLLC slices, respectively.

• Reward: The reward is defined by the objective of slices, which is denoted by (6.7).
We also apply a constant negative reward as a penalty to guarantee the packet drop
rate.

6.2.2 Knowledge Transfer Reinforcement Learning

Here we will introduce the knowledge transfer reinforcement learning and define the map
function for knowledge transfer. In reinforcement learning, to maximize the expected
reward, the agent needs to improve its policy π(st) to select the best action at state st,
and arrives a new state st+1.

We define the state-action value to describe the expected reward of taking action at
under state st. In Q-learning, the Q-values are updated by:

Qnew(st, at) = Qold(st, at) + α(r + γmax
a
Q(st+1, a)−Qold(st, at)), (6.8)

where Qold and Qold denote old and new Q-values, respectively, at is the action at time
t, r is the reward, γ is the discount factor (0 < γ < 1), and α is the learning rate (0 <
α < 1). In Q-learning, the agent must explore the state-action space to find the optimal
action sequence. This exploration usually takes a large number of iterations, because the
agent needs to try huge amounts of action combinations without prior knowledge. On
the contrary, in knowledge transfer reinforcement learning, we use the prior knowledge of
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Algorithm 6.1 KTRA algorithm
1: Initialize: Wireless network parameters and Q-table of the expert.
2: for TTI = 1 to T do
3: for Every BS do
4: With probability ϵ agent chooses actions randomly; otherwise, the agent selects

al,t by the greedy policy.
5: BS allocates radio and computation resources between slices. Slices process com-

putation tasks by allocated MEC server capacity and allocate RBs by proportional
fairness algorithm.

6: Calculating reward based on received metrics.
7: Updating state sl,t, find QT (F(sl,t),F ′(al,t)).
8: Updating Q-values by equation (6.9).
9: end for

10: end for

experts to improve exploration efficiency. The Q-values are updated by:

Qnew(sl,t, al,t) =Q
T (F(sl,t),F ′(al,t)) +Qold(sl,t, al,t)+

α(r + γmax
a
Q(sl,t+1, a)−Qold(sl,t, al,t)),

(6.9)

where sl,t and al,t are learner’s state and action at time t, respectively. QT (F(sl,t),F ′(al,t))
is the mapped Q-values as an extra reward of selecting al,t under state sl,t, which aims
to guide the exploration of learner agent. F and F ′ are state and action map functions,
respectively. QT (F(sl,t),F ′(al,t)) can be generated by:

QT (F(sl,t),F ′(al,t)) = Qe(se, ae), (6.10)

whereQe is the Q-values of expert agent, se and ae are state and action of expert agent. The
goal of equation(6.10) is to find a specific Q-value of expert agent to represent the potential
reward of taking al,t under sl,t in learner. Thus we need to find similar states and actions
in the expert agent’s Q-table. Note that the expert and learner agents have the same state
definition, then we can always find a se that satisfies sl,t = se, then F can be easily defined.
Meanwhile, based on the definition of actions, for any al = (reM , rUR, ceM , cUR), we consider
ae = (reM , rUR) as a similar action for mapping, and F ′ can be defined accordingly.

The KTRA algorithm is summarized as Algorithm 1. Noting that we apply a clas-
sic proportional fairness algorithm for intra-slice radio resource allocation, because this
work mainly focuses on inter-slice level scheduling, and there is no intra-slice computation
resource allocation.
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Algorithm 6.2 QLRA algorithm
1: Initialize: Wireless network parameters.
2: for TTI = 1 to T do
3: for Every BS do
4: With probability ϵ, the agent chooses actions randomly; otherwise, the agent se-

lects al,t by the greedy policy.
5: BS allocates radio and computation resources between slices. Slices process com-

putation tasks by allocated MEC server capacity and allocate RBs by proportional
fairness algorithm.

6: Calculating reward based on received metrics.
7: Updating state st.
8: Updating Q-values by equation (6.8).
9: end for

10: end for

6.2.3 Baseline Algorithms: QLRA

We apply QLRA as a baseline algorithm. Q-learning is the most generally used RL al-
gorithm. The MDP definition of QLRA is the same as KTRA, but there is no prior
knowledge. QLRA is given in Algorithm 2.

6.3 Performance Evaluation

6.3.1 Parameter Settings

We consider three different cases, including:

• Case I: Q-learning-based radio resource allocation. It works as an expert for Case
II.

• Case II: KTRA based joint radio and computation resource allocation. As a learner,
BSs in Case II can utilize the Q-tables of the expert agent as prior knowledge.

• Case III: QLRA based joint radio and computation resource allocation. It is con-
sidered a baseline algorithm without any prior knowledge of the task.
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Table 6.1: Parameter settings of 5G networks and edge server

5G Networking Computation Settings

3GPP Urban Macro network Computation capacity: 3 GHz

2 OFDM symbols for each TTI CPU cycles required per bit: 200

Tx/Rx antenna gain: 15 dB. Traffic Model

Number of subcarriers in each RB:
12

eMBB\URLLC traffic: Poisson
distribution

Subcarrier bandwidth: 15kHz URLLC packet size: 50 Bytes

Transmission power: 40 dBm eMBB packet size: 100 Bytes

Backhaul capacity: 10 Mpbs Problem Formulation

Propagation Model eMBB\URLLC weight factor: 1

128.1+37.6log(distance(km)) URLLC target delay: 2 ms

Log-Normal shadowing: 8 dB. Fixed cloud queuing delay: 1 ms

Retransmission Settings Learning Settings

Max number of retransmissions: 1 Learning rate: 0.9

Round trip delay: 4 TTIs Discount factor: 0.5

Each case contains 5 BSs with 500 m inter-site distance, and each BS is considered an
independent agent to implement the proposed strategy. For example, all BSs in Case II will
implement the KTRA independently to achieve their own goal. We assume each BS has
one eMBB slice with 5 UEs and one URLLC slice with 10 UEs. The available bandwidth
of one BS is 20 MHz, which contains 100 RBs. We assume there are 13 resource block
group (RBG)s to reduce the allocation complexity. The first 12 RBGs contain 8 RBs each,
while the last resource block group has 4 RBs. 200 CPU cycles are required to process 1
bit data [89]. Other parameters are shown in Table 6.1.

6.3.2 Simulation Results

Firstly, Fig.6.3 (a) shows the empirical cumulative distribution function (ECDF) of URLLC
latency of three cases under 2 Mbps eMBB and URLLC traffic, and 3 GHz MEC server per
cell. The result shows that the expert case has the highest delay distribution, and the reason
is that we assume MEC servers are not deployed in the expert. Thus all computation tasks
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(a) URLLC latency distribution [ms]. (b) Average URLLC latency [ms].

(c) eMBB throughput [Mbps] per cell . (d) Average URLLC latency [ms] under
various MEC server capacities.

(e) eMBB throughput [Mbps] per cell un-
der various MEC server capacities.

(f) Convergence performance of KTRA and
QLRA.

Figure 6.3: Simulation results comparison between KTRA and QLRA.
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need to be processed in the central cloud, which leads to a higher delay. Meanwhile, the
proposed KTRA method outperforms QLRA by a better delay distribution, as indicated
by a lower ECDF curve in Fig.6.3 (a), and it can be explained by the knowledge transfer
capability of KTRA.

Fig.6.3 (b) presents the average delay experienced by URLLC UEs, and Fig.6.3 (c)
shows the average eMBB throughput per cell. Here the eMBB traffic load is fixed to 2 Mbps
per cell, and URLLC traffic varies from 1 Mbps to 4 Mbps. Without MEC servers, the ex-
pert case still has the highest delay and the lowest throughput. Meanwhile, KTRA method
achieves a lower URLLC delay and higher eMBB throughput than QLRA. KTRA has a
18.4% lower URLLC delay and 30.1% higher eMBB throughput under 2 Mbps URLLC
traffic.

Shown by Fig.6.3 (d) and (e), we investigate the network performance under various
MEC server capacities, which is indicated by CPU cycles per second. Considering the
expert case has no MEC capability, we focus on the performance of KTRA and QLRA to
further present the advantage of the proposed method. As expected, both algorithms have
a lower URLLC delay and a higher eMBB throughput by increasing the MEC server capac-
ity, because higher computation capacity means lower task processing delay. KTRA still
outperforms QLRA by a 15.1% lower URLLC delay and a 33.8% higher eMBB throughput
under 3 GHz MEC server capacity.

Furthermore, we compare the convergence performance in Fig.6.3 (f). Based on prior
knowledge of the expert, KTRA has a significantly higher exploration efficiency, which is
indicated by a shorter exploration period and a higher average reward. On the contrary,
QLRA suffers a longer exploration phase and a lower average reward, because it needs to
explore the task from scratch. To summarize, KTRA achieves a better performance in
both network metrics (lower URLLC delay and higher eMBB throughput) and machine
learning metrics (better convergence speed and higher average reward).

Finally, the packet drop rate of KTRA and QLRA are 0.042% and 0.048%, respectively,
under 2 Mpbs eMBB traffic and 4 Mbps URLLC traffic. The satisfactory packet drop rate
is because we apply a penalty in both algorithms to prevent dropping packets.
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Chapter 7

Deep Transfer Reinforcement Learning
based Joint Radio and Cache Resource
Allocation in 5G RAN Slicing

In 5G networks, network slicing is an important pillar that covers RAN, edge, transport
and core networks. The evolving network architecture requires orchestrating multiple net-
work resources such as radio and cache resources. In recent years, ML techniques have
been widely applied for network management. However, most existing works do not take
advantage of the knowledge transfer capability in ML. In this work, we propose a DTRL
scheme for joint radio and cache resource allocation to serve 5G RAN slicing. We first de-
fine a hierarchical architecture for joint resource allocation. Then we propose two DTRL
algorithms: QDTRL and ADTRL. In the proposed schemes, learner agents utilize expert
agents’ knowledge to improve their performance on target tasks. We assume the expert
agent has been well-trained for solving source tasks, which is an existing expert with prior
knowledge. The proposed algorithms are compared with the model-free exploration bonus
deep Q-learning (EB-DQN) and the model-based priority priority proportional fairness
and time-to-live (PPF-TTL) algorithms. Compared with EB-DQN, our proposed DTRL
based method presents 21.4% lower delay for URLLC slice and 22.4% higher throughput
for eMBB slice, while achieving significantly faster convergence than EB-DQN. Moreover,
40.8% lower URLLC delay and 59.8% higher eMBB throughput are observed with respect
to PPF-TTL.
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Figure 7.1: Proposed radio and cache resources allocation scheme

7.1 System Model and Problem Formulation

7.1.1 Overall Architecture

Fig.7.1 presents the proposed joint radio and cache resource allocation. A hierarchical ar-
chitecture is defined for the resource allocation of cache-enabled macro cellular networks.
We assume the BS has the caching capability to store content items. Our proposed scheme
can be used for any number of slices without loss of generality, but here we mainly consider
two typical slices, namely an eMBB slice and URLLC slice, to better illustrate the frame-
work. Firstly, the SRMs collect the QoS requirements of associated UEs, and the collected
information is sent to the GRM. Then the GRM will intelligently implement inter-slice re-
source allocation to divide the radio and cache resource between eMBB and URLLC SRMs.
Finally, SRMs distribute RBs to associated UEs, and update cached content items within
the allocated caching capacity. We apply learning-based methods to realize an intelligent
GRM, while rule-based methods are deployed for SRMs. This hierarchical architecture
can alleviate the burden of GRM, since the GRM only accounts for slice-level allocation
instead of handling all the UEs directly.
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7.1.2 Communication Model

In this section, we introduce the communication model. Firstly, the total delay consists of:

dj,m,g = dtxj,m,g + dquej,m,g + (1−ϖj,g)d
back
j,m,g, (7.1)

where dtxj,m,g is the transmission delay of content item g from BS j to UE m, dquej,m,g is the
queuing delay. dbackj,m,g is the backhaul delay of fetching content items from the core network.
ϖj,g is a binary variable. ϖj,g = 1 when the content item g is cached at BS j, and ϖj,g = 0
otherwise. Equation (7.1) shows that the total delay is affected by both communication
and cache resources. The transmission delay depends on radio resource allocation, and edge
caching can prevent the backhaul delay. The scheduling efficiency will affect the queuing
delay.

The transmission delay depends on the link capacity between the BS and UE:

dtx =
Lm
Ej,m

, (7.2)

where Lm is the size of content items required by UE m. Ej,m is the link capacity between
BS j and the UE m, which is calculated as follows:

Ej,m =
∑

q∈NRB
j

bRBlog(1 +
pj,qxj,q,mgj,q,m

bqN0 +
∑

j′∈J−j

pj′,q′xj′,q′,m′gj′,q′,m′
), (7.3)

where NR
m is the set of RBs that are allocated to UE m, bRB is the bandwidth of one RB,

N0 is the noise power density, pj,q is the transmission power of the RB q of the BS j, xj,q,m
is a binary indicator to denote whether RB q is allocated to the UE m, gj,q,m is the channel
gain between the BS and UE, and j′ ∈ J−j is the BS set except BS j.

7.1.3 Slicing-based Caching Model

This section will introduce the slicing-based caching model, in which the time-to-live (TTL)
method is used as the content replacement strategy. The TTL indicates the time that a
content item is stored in a caching system before it is deleted or replaced. The TTL
value will be reset if this content item is required again, and thus popular content items
will live longer. Although there have been many content replacement strategies, TTL is
selected because: i) this work mainly focuses on inter-slice level resource allocation, and
it is reasonable to apply a well-known caching method for intra-slice caching; ii) TTL
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requires no prior knowledge of content popularity, which is more realistic. Nevertheless,
our proposed architecture is compatible with any other caching methods without loss of
generality. The complexity of the slicing-based caching model lies in effectively dividing
the limited caching capacity between slices, which is far more complicated than the original
TTL model. We use Nj to represent the slice set in the BS j, and the slice n contains
|Mj,n| UEs, and each UE is denoted by m. Each slice has its own content catalog Gj,n,
and the variables g represents the content items (g ∈ Gj,n). We assume all content items
have the same packet size [157].

ϕj,n,m,g represents the request rate of UE m for the content item g, which denotes the
frequency that content item g is demanded by the UE m. Then we have

ϕj,n,m,g = pj,n,m,gϕj,n,m, (7.4)

where ϕj,n,m is the total request rate of UE m, and pj,n,m,g is the request rate distribution
of UE m for content items (

∑
g∈G pj,n,m,g = 1).

The cache hit ratio indicates the probability of finding a content item in the cache,
which can be calculated by [158]:

hj,n,g = 1− e
−

∑
m∈Mj,n

ϕj,n,m,gTj,n,m,g

, (7.5)

where hj,n,g is the cache hit ratio of content item g in the slice n, and the TTL of the
content item g will be reset to Tj,n,m,g when this content item is required. Note that the
number of contents is large, and the request rate of each content item is relatively low.
Based on lim

x→0
ex = x+ 1, we approximately have:

hj,n,g =
∑

m∈Mj,n

ϕj,n,m,gTj,n,m,g, (7.6)

Meanwhile, the total cache hit ratio is related to the allocated storing capacity of slice
n: ∑

g∈Gn

∑
m∈Mn

hj,n,m,g =
Cj,n
Cj,T

, (7.7)

where Cj,n is the allocated storage capacity for slice n, Cj,T is the total storage capacity
of BS j, hj,n,m,g is the cache hit ratio of UE m for content item g. We assume the content
item g has the same popularity for different UEs and thus Tj,n,m,g = Tj,n,g. Given equation
(7.6) and (7.7), we have (the proof is given in the appendix A.2):
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hj,n,g =
Cj,n
Cj,T

∑
m∈Mj,n

ϕj,n,m,g∑
m∈Mj,n

ϕj,n,m
, (7.8)

Equation (7.8) indicates that a higher caching capacity Cn leads to a higher cache hit
ratio hn,g [157]. As such, popular content items, which is indicated by a higher request
rate ϕn,m,g, have a higher cache hit ratio.

Then we define a cache hit rate ϕhitj,n,m to describe the frequency of requesting cached
content items in the total request rate, which can be calculated by:

ϕhitj,n,m =
∑
g∈Gj,n

ϕj,n,m,ghj,n,m,g, (7.9)

and the cache miss rate is:
ϕmissj,n,m = ϕj,n,m − ϕhitj,n,m, (7.10)

which indicates the frequency of requesting non-cached content items in the total request
rate.

Finally, backhaul delay is only applied when a content item is not cached at the BS.
The backhaul service is presumed to obey the M/M/1 queue, and the average delay is [159]:

dback =
1

B
Lm

−
∑

n∈N
∑

m∈Mj,n
(ϕmissj,n,m)

, (7.11)

where B is the backhaul capacity, Lm is the average size of content items, B/Lm denotes
the service rate, and

∑
n∈N

∑
m∈Mj,n

(ϕmissj,n,m) is the total cache miss rate. Note that dback
will be infinite if the cache miss rate is higher than the service rate.

7.1.4 Problem Formulation

The objective of the eMBB slice is to maximize the total throughput, while the URLLC
slice aims to minimize the average delay. It is assumed that the content catalogs of the
two slices are not overlapped. To balance the requirements of the two slices, the GRM
needs to jointly consider the objectives of the two slices and allocate the radio and cache
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resources accordingly. For each BS, the GRM allocates radio and cache resources by:

max wbembb,avg + (1− w)(dtar − durllc,avg) (7.12)
s.t. (7.1) (7.2) (7.8) (7.9) and (7.11) (7.12a)∑

n∈Nj

NRB
j,n ≤ NRB

j,T (7.12b)

∑
n∈Nj

Cj,n ≤ Cj,T (7.12c)

∑
n∈Nj

∑
m∈Mj,n

ϕmissm ≤ B

Lm
(7.12d)

∑
n∈Nj

∑
m∈Mj,n

xj,q,m ≤ 1 (7.12e)

∑
m∈Mj,n

∑
q∈NRB

j

xj,q,m ≤ NRB
j,n (7.12f)

∑
g∈Gj,n

ϖj,g ≤ Cj,n (7.12g)

where bembb,avg is the total throughput of the eMBB slice, durllc,avg is the average latency
of the URLLC slice, and dtar is the target delay. Here we use w as a weight factor in
(7.12) to balance the objectives of two slices and maximize the overall objective. Nj is the
slice set of BS j, which consists of eMBB and URLLC slices. NRB

j,n is the number of RBs
that the GRM allocated to the slice n, and NRB

j,T is the total number of RBs of BS j, and
the equation (7.12b) is the radio resource constraint. Cj,n is the caching capacity of slice
n, and Cj,T is the total caching capacity in BS j, and (7.12c) ensures that the allocated
caching capacity cannot exceed the upper limit. Mj,n is the set of UEs in slice n, and ϕmissm

is the miss rate of UE m, and (7.12d) denotes that the total miss rate should not exceed
the backhaul service rate. xj,q,m has been defined in equation (7.3) as the RB allocation
indicator. Equations (7.12e) and (7.12f) denote that one RB can only be allocated to one
UE, and the total number of available RBs are NRB

j,n in slice n. Finally, ϖj,g is a binary
variable that has been defined in equation (7.1) to represent whether a content item is
cached.

In the defined problem formulations, NRB
j,n and Cj,n are the control variables of the

GRM, which means the GRM only accounts for inter-slice resource allocation. xj,q,m and
ϖj,g are the control variables of SRMs. In SRMs, we apply the classic proportional fairness
algorithm for intra-slice RB allocation to determine xj,q,m, since all UEs in the same slice
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Table 7.1: Summary of strategies and MDP definitions

Indices Strategies States Actions Instant Reward
Expert

1
Q-learning based radio resource
allocation; No caching capability.

(sembb, surllc),
where sembb
denotes the
number of

eMBB packets
in the queue,

and surllc
is defined
similarly.

(N embb, Nurllc) r = wrembb + (1− w)rurllc,
where
rembb = 2

π
tan−1(bembb,avg)

rurllc = dtar − durllc,avg.
w is the weighting factor, rembb
and rurllc are the rewards of
eMBB and URLLC slices,
respectively. bembb,avg and
durllc,avg are average throughput
of eMBB slice and average
delay of URLLC slice. dtar is
the target URLLC delay.

Expert
2

Fixed radio resource allocation;
Q-learning based caching capacity

allocation.
(Cembb, Curllc)

Learner
1

DTRL-based joint radio and cache
resource allocation with Q-values

mapping function.
(N embb, Nurllc,Cembb, Curllc),

where N embb and Cembb

denote the number of RBs and
caching capacity allocated to
the eMBB slice, respectively.
Nurllc and Curllc are defined

similarly for the URLLC slice.

Learner
2

DTRL-based joint radio and cache
resource allocation with action

selection mapping function.

Baseline1
EB-DQN for joint radio and cache
resource allocation without prior

knowledge.

[1] We include PPF-TTL as the second baseline. However, since PPF-TTL is not a ML-based
method, it is excluded from this table.

are presumed to be equally important. Meanwhile, cached content items are updated by
TTL rule, which will determine ϖj,g.

7.2 Deep Transfer Reinforcement Learning based Re-
source Allocation

7.2.1 Overall Framework

In this section, we introduce the DTRL based inter-slice resource allocation, where each
BS is considered an independent agent to make decisions autonomously. As shown in
Table 7.1, five learning-based strategies are deployed. We assume experts 1 and 2 apply
Q-learning for radio and cache resource allocation, respectively. Experts are only good at
one of radio or cache resource allocation, but they have no multi-task knowledge. Then
learners 1 and 2 can utilize various knowledge from experts to improve their performance
on joint radio and cache resource allocation. Based on different mapping functions, we
propose two DTRL based methods, namely QDTRL and ADTRL. Finally, we apply EB-
DQN as a learning-based benchmark, and PPF-TTL method as a model-based baseline.
In the following, we will introduce the experts, learners and baselines.
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7.2.2 Q-learning based Experts

In this section, we assume the expert agents have learning experience on one specific task,
but they have no knowledge of other tasks. For expert 1, it uses Q-learning for the radio
resource allocation, and there is no caching capability. For expert 2, RBs are allocated by
the numbers of UEs in each slice, and Q-learning is used for the caching capacity allocation.

To transform the problem formulation in equation (7.12) to the RL context, we first
define the MDP < S,A, T,R > for experts, where S is the state set, A is the action set, T
is the transition probability, and R is the reward function. The MDP definitions of experts
are given below:

• State: In this work, we intend to coordinate the performance of various slices by
inter-slice resource allocation. As such, the state definition should reflect the trans-
mission demand of each slice. The states of expert 1 and 2 are both defined by
(sembb, surllc), which indicates the number of packets waiting in the queues of eMBB
and URLLC slices, respectively.

• Action of expert 1: The expert 1 only implements radio resource allocation, and
consequently the action (N embb, Nurllc) denotes the number of RBs allocated to eMBB
and URLLC slices.

• Action of expert 2: In expert 2, the learning strategy is only applied for caching
capacity allocation, and the action (Cembb, Curllc) indicates the caching capacity al-
located to eMBB and URLLC slices.
It is worth noting that the actions N embb, Nurllc, Cembb and Curllc have been defined
as control variables in the problem formulation (7.12), and they are transformed into
actions here to serve the Q-learning scheme.

• Reward function: The reward functions of experts 1 and 2 are defined by the
objectives of slices:

r = wrembb + (1− w)rurllc, (7.13)

where rembb and rurllc are rewards of eMBB and URLLC slices, respectively, and w
is the weight factor.
For the eMBB slice, obtaining higher throughput leads to a higher reward, and we
have.

rembb =
2

π
tan−1(bembb,avg) (7.14)
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where bembb,avg is the average throughput of the eMBB slice, and we apply the tan−1

function to normalize the reward (0 < rembb < 1).
For the URLLC slice, a lower delay means a higher reward:

rurllc = dtar − durllc,avg, (7.15)

where dtar and durllc,avg are target and achieved average delays for the URLLC slice,
respectively.
Moreover, to guarantee the constraints of the problem formulation (7.12), we apply
penalties to the reward when these constraints are violated.

Expert 1 and 2 apply Q-learning for optimization, which has been introduced in former
Chapters. Then the state-action values of experts 1 and 2 are updated by:

Qnew(se, ae) = Qold(se, ae) + α(re + γmax
a
Q(s′e, a)−Qold(se, ae)) (7.16)

where Qold(se, ae) and Qnew(se, ae) are old and new Q-values, se and s′e are current and
next states of experts, respectively, ae is the action, re is the reward, and α is the learning
rate (0 < α < 1). By updating the Q-values iteratively, experts will learn the optimal
action selections to achieve the best accumulated reward.

7.2.3 Deep Transfer Reinforcement Learning based Learners

Given the prior knowledge of experts, learners are expected to solve more complicated
problems with higher state-action space. To apply the transfer reinforcement learning,
we need to define the MDP by (S,A,R, T,F), where F is the mapping function. In this
section, we first define the states, actions and rewards of learners, then we introduce the
DDQN based learning policy. Finally, we propose two DTRL based algorithms, namely
QDTRL and ADTRL, and the main difference lies in the mapping function definitions.

The states, actions and reward functions of the two learners are given below:

• State and reward function: As shown in Table 7.1, we assume learners have the
same state and reward definitions as experts. The main reason is that transfer learn-
ing is designed for tasks that share similarities with existing source tasks. As such,
similar state and reward definitions can reduce the complexity of defining mapping
functions, which can better transfer knowledge from experts to learners.
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Figure 7.2: Proposed DTRL architecture for resource management.

• Action of the learner 1 and 2: Compared with experts, the learners have to jointly
consider the radio and cache resource allocation, and then the actions are defined by
(N embb, Nurllc, Cembb, Curllc). Compared with allocating one single resource, the joint
resource allocation problem is much more complicated, especially when multiple slices
are involved.

Based on MDP definitions, we introduce our DTRL algorithm. Conventional DQN
may suffer an over-estimation issue, which has been introduced in former Chapters. To
this end, DDQN is used to decouple the action selection and evaluation. The loss function
of DDQN is defined as:

L(w) = Er(rl + γQ(s′l, argmax
a
Q(s′l, a, w), w

′)−Q(sl, al, w)) (7.17)

where sl and al are the state and action of the learner, respectively, s′l is the next state,
rl is the reward, and Er is the error function. w is the weight of the main network,
which will predict current Q-values Q(sl, al, w). w′ is the weight of the target network.
Here we use the notation l to indicate the learner. The main network chooses actions
by al = argmax

a
Q(s′l, a, w)), and the target network evaluates the action by Q(s′l, al, w

′).
By decoupling the action selection and evaluation, DDQN can prevent overestimation and
better predict Q-values than DQN.

In this work, we deploy the DDQN architecture in the proposed DTRL. For the learner
agent shown by color grey in Fig.7.2, an action al is first selected and sent to the target
task environment. Then a tuple (sl, al, rl, s

′
l) will be received from the environment, which
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will be saved in the experience pool. The learner agent samples a random minibatch from
the experience pool. For every tuple (sl, al, rl, s

′
l), the main network predicts Q(sl, al, w)

and selects actions by a = argmax
a
Q(s′l, a, w)). The target network evaluates the action

by Q(s′l, a, w
′). Then we utilize the loss function shown by equation (7.17) for gradient

descent to update the weight w of the main network. After several training sessions, the
target network will copy the weight parameters of the main network. Such a late update
of the target network serves as a stable reference for the main network training. Here we
deploy the LSTM network as hidden layers for main and target networks, which has been
introduced in former Chapters.

Finally, it is worth noting that we include two different mapping functions in the pro-
posed DTRL scheme. The Q-value mapping function will affect the reward calculation of
the learner agent (indicated by the pink line in Fig.7.2), while the action selection mapping
function influences the action selection (shown by the blue line in Fig.7.2). Accordingly,
we propose two DTRL based methods, namely QDTRL and ADTRL, and in the following
we will introduce these two mapping functions and corresponding algorithms.

1) Learner 1: Q-value based Deep Transfer Reinforcement Learning

In QDTRL, the Q-values of experts are presumed to be the prior knowledge of learner
1, which can guide the exploration efficiency of this learner [160]. The loss function in
QDTRL is defined by:

L(w) = Er(σ1Q
E(F(sl),F ′(al)) + rl + γQ(s′l, argmax

a
Q(s′l, a, w), w

′)−Q(sl, al, w))

(7.18)
where F and F ′ are state and action mapping functions, respectively. Compared with
equation (7.17), the main difference is that σ1QE(F(sl),F ′(al)) is involved as an extra
reward of selecting action al under state sl. σ1 is the transfer learning rate, which describes
the importance of prior knowledge (0 ≤ σ1 ≤ 1). A higher transfer learning rate means
the prior knowledge utilization is more important than its learning process, while a lower
value indicates the reverse.

In equation (7.18), we apply σ1QE(F(sl),F ′(al)) to guide the action selection of learner.
The main idea is that the learner is encouraged to select actions with higher Q-values of the
experts, which is indicated by a higher extra reward in the equation (7.18). Considering
the similarities of tasks, these actions are expected to bring similar high rewards for the
learner. However, due to different state-action spaces, the learner cannot directly utilize
the Q-values of experts; thus, a function is needed to map experts’ Q-values to the learner’s
Q-table. QE term in equation (7.18) is generated by:

QE(F(sl),F ′(al)) = Qe,1(se,1, ae,1) +Qe,2(se,2, ae,2), (7.19)
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where Qe,1, se,1 and ae,1 are the Q-value, state and action of expert 1, respectively. Qe,2,
se,2 and ae,2 are defined similarly for expert 2. The idea behind the mapping functions F
and F ′ is to find the states and actions of the experts that are similar to sl and al. F and
F ′ are defined by:

• State mapping F : For a given state sl, considering experts and learner 1 have the
same state definition, we can always find sl = se,1 = se,2. Thus F can be easily
defined.

• Action mapping F ′: The goal of F ′ is to find (ae,1, ae,2) = F ′(al). For any action
al, which is defined as al = (N embb, Nurllc,Cembb, Curllc), it can be decomposed into
the combination of ae,1 = (N embb, Nurllc) and ae,2 = (Cembb, Curllc). Then F ′ can be
defined accordingly.

Based on the state and action mapping relationships, if given sl and al, we can always
find specific Qe,1(se,1, ae,1) and Qe,2(se,2, ae,2). Then QE(F(sl),F ′(al)) can be directly used
by learner 1. The defined Q-value mapping function is summarized by Fig.7.3 from steps
1 to 4. First, for any given (sl, al), we find state action pairs (se,1, ae,1) and (se,2, ae,2) by
state mapping function F and action mapping function F ′. Then, we extract Qe,1(se,1, ae,1)
and Qe,2(se,2, ae,2) from expert agents’ Q-tables. After that, we generate QE(F(sl),F ′(al))
by equation (7.19), which will be considered as extra rewards when selecting al under sl.
This extra reward is added to rl, and the new tuple (sl, al, rl + σQE(F(sl),F ′(al)), s

′
l) will

be saved in the experience pool. Finally, we implement the gradient descent by equation
(7.18) for the network training.

2) Learner 2: Action Selection based Deep Transfer Reinforcement Learning

Learner 2 has the same MDP definition as learner 1, but the mapping function is
different. In this work, the learners have a bigger action space than experts for the joint
radio and cache resource allocation. Indeed, a huge action space lowers the exploration
efficiency and results in a longer convergence time. To this end, we propose an ATDRL
method to improve the exploration efficiency in learner 2.

It is worth noting that TL is mainly applied to target tasks related to source tasks.
Specifically, it requires similarities between source and target MDPs. Then, we first in-
troduce the Kantorovich distance K(D)(Y, Z) to describe the similarities between two
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Figure 7.3: Proposed Q-value mapping function for deep transfer reinforcement learning.

distributions [161]:

max
uf ,f=1,2,...,|S|

|S|∑
f=1

(Y (sf )− Z(sf ))uf

s.t. uf − uk ≤ D(sf , sk) f, k = 1, 2, ..., |S|.
0 ≤ uf ≤ 1

(7.20)

where Y and Z are two probability distributions of sf ∈ S, uf and uk are internal op-
timization variables, and D(sf , sk) denotes a metric D to assess the distance between sf
and sk. K(D)(Y, Z) shows the distance of two probability distributions Y and Z with the
metric D in state set S. However, in TL, we focus more on the distance metric of different
state sets, and K(D)(Y, Z) is rewritten by [162]:

max
uf ,f=1,2,...,|S1|;vk,k=1,2,...,|S2|

|S1|∑
e=1

Y (sf )uf −
|S2|∑
f=1

Z(sk)vk

s.t. uf − vk ≤ D(sf , sk)

− 1 ≤ uf ≤ 1

(7.21)

where S1 and S2 are two state sets with sf ∈ S1 and sk ∈ S2, respectively, and K(D)(Y, Z)
evaluates the distance between state set S1 and S2.
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Then we include two MDPs < Se, Ae,Te, Re > and < Sl, Al, Tl, Rl > to identify the
difference of their state-action pairs. The lax bisimulation metric is introduced to evaluate
the distance between two state-action pairs [163]:

D∼((se, ae), (sl, al)) := θ1|re(se, ae)− rl(sl, al)|+θ2K(D′(Y (se, ae), Z(sl, al))) (7.22)

where θ1 and θ2 are weight factors. The first term |re(se, ae) − rl(sl, al)| represents the
reward distance, and K(D′(Y (se, ae), Z(sl, al))) is the Kantorovich metric for state-action
pairs under semi-metric D′. D′ is defined by the Hausdorff metric:

D′(se, sl) = max(max
ae∈Ae

min
al∈Al

D((se, ae), (sl, al)), min
ae∈Ae

max
al∈Al

(D(se, ae), (sl, al))) (7.23)

Hausdorff distance is the maximum distance from one set to the nearest point of the other
set [164], and here we define D′(se, sl) to measure the distance between action sets Ae and
Al under state se and sl.

To evaluate the potential optimality of selecting al under sl, we include the Bellman
optimality to find the state value difference:

|Q∗
l (sl, al)− V ∗

e (se)|
= |Q∗

l (sl, al)−Q∗
e(se, π

∗(se))|
= |Q∗

l (sl, al)−Q∗
e(se, a

∗
e)|

= |(rl(sl, al) + γ
∑
s′l∈Sl

Y (s′l|sl, al)Vl(s′l))− (re(se, a
∗
e) + γ

∑
s′e∈Se

Z(s′e|se, a∗e)Ve(s′e))|

≤ |rl(sl, al)− re(se, a
∗
e)|+γ|

∑
s′l∈Sl

Y (s′l|sl, al)Vl(s′)−
∑
s′e∈Se

Z(s′e|se, a∗e)Ve(s′))|

≤ |rl(sl, al)− re(se, a
∗
e)|+max

al∈Al

min
ae∈Ae

(γ|
∑
s′l∈Sl

Y (s′l|sl, al)Vl(s′)−
∑
s′e∈Se

Z(s′e|se, a∗e)Ve(s′)|)

(Using equation (7.21), (7.23))
= |re(se, a∗e)− rl(sl, al)|+γK(D′((se, a

∗
e), (sl, al)))

(Setting θ1 = 1 and θ2 = γ in equation (7.22))
= D∼((sl, al), (se, a

∗
e))

(7.24)
where Q∗

l (sl, al) is the optimal state-action value of (sl, al), V ∗
e (se) is the optimal state

value of se, s′l is the next state of sl, and Y (s′|sl, al) is the probability of arriving s′l by
implementing al under sl. Here we use a∗e = π∗(se) to represent the action selection of the
expert agent. Equation (7.24) shows that there is a upper bound between the state-action
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pairs (sl, al) and (se, a
∗
e). Following, we will introduce how to utilize equation (7.24) to

improve the action selection of the learner.

When selecting an action, we usually consider V ∗
l (sl) as a target value for Q∗

l (sl, al),
and we have V ∗

l (sl) = argmax
al

Q∗(sl, al). Then V ∗
l (sl)−Q∗

l (sl, al) can be used to evaluate

the potential optimality of al by:

V ∗
l (sl)−Q∗

l (sl, al)

= Q∗
l (sl, π

∗(sl))−Q∗
l (sl, al)

= Q∗
l (sl, a

∗
l )−Q∗

l (sl, al)

= |Q∗
l (sl, a

∗
l )−Q∗

l (sl, al)|
= |Q∗

l (sl, a
∗
l )− V ∗

e (se) + V ∗
e (se)−Q∗

l (sl, al)|
≤ |Q∗

l (sl, a
∗
l )− V ∗

e (se)|+|V ∗
e (se)−Q∗

l (sl, al)|
≤ D∼((sl, a

∗
l ), (se, a

∗
e)) +D∼((sl, al), (se, a

∗
e))

(By using equation (7.24))

(7.25)

Equation (7.25) gives an upper bound for the potential optimality of selecting al under
sl, and then a lower bound Ol(sl, al) can be easily found by:

Q∗
l (sl, al)− V ∗

l (sl)

= Q∗
l (sl, al)−Q∗

l (sl, π
∗(sl))

≥ −D∼((sl, a
∗
l ), (se, a

∗
e))−D∼((sl, al), (se, a

∗
e))

= Ol(sl, al),

(7.26)

In Ol(sl, al), note that D∼((sl, a
∗
l ), (se, a

∗
e)) will not affect al selection, since it is a

constant value for given sl and se. Considering we have two experts in this work, we
rewrite Ol(sl, al) by:

Ol(sl, al) = −σ2(D∼((sl, al), (se,1, a
∗
e,1))

+D∼((sl, al), (se,2, a
∗
e,2)))− (1− σ2)(D∼((sl, a

∗
l ), (se,1, a

∗
e,1)) +D∼((sl, a

∗
l ), (se,2, a

∗
e,2))),

(7.27)
where σ2 is the transfer learning rate of ADTRL (0≤ σ2 ≤1). If σ2 = 0, then Ol(sl, al)
becomes a constant value for all al ∈ Al, which means transferred knowledge will not affect
the action selection of the learner. By contrast, if σ2 = 1, Ol(sl, al) totally depends on
the lax bisimulation metric between (sl, al) and (se, a

∗
e), which indicates the learner will

imitate the action selection of experts.
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In summary, given < Se, Ae, Te, Re > as a source MDP and < Sl, Al, Tl, Rl > as a
target MDP, Ol(sl, al) defines the lower bound of potential optimality of al in terms of
the distance between (sl, al) and (se, a

∗
e). Here se is considered as the source state that is

closest to sl. In this work, we assume experts and learners have the same state definitions,
and se can be easily found accordingly for any sl. Finally, the probability of choosing al is
given by:

Pr(al|sl) =
Sig(Ol(sl, al))∑

a∈Al

sig(Ol(sl, a))
(7.28)

where Sig denotes the Sigmoid function for normalization. Equation (7.28) means that
actions with higher potential optimality have a higher chance of being selected, and con-
sequently it will improve the exploration efficiency. QDTRL and ADTRL are summarized
in Algorithm 1 and 2, respectively.

7.2.4 Baseline: Exploration bonus-DQN and PPF-TTL

In this section, we include two baseline algorithms. Firstly, EB-DQN serves as a benchmark
to compare our DTRL method with other ML-based algorithms. The MDP definition of
EB-DQN is the same as DTRL, which is shown by Table 7.1. EB-DQN agent explores
the joint resource allocation task from scratch, and no prior knowledge is included. In
EB-DQN, the loss function is defined by:

L(w) = Er(r+
Ψ√
ψ(s, a)

+ γmax
a
Q(s′, a, w′)−Q(s, a, w)) (7.29)

where Ψ is an extra reward, and ψ(s, a) is the number of times that (s, a) is selected.
Ψ√
ψ(s,a)

is regarded as a bonus for selecting actions that are less visited, and it encourages

the agent to better explore the environment. EB-DQN based joint resource allocation is
summarized in Algorithm 3.

On the other hand, to compare the ML methods with model-based algorithms, we
apply a model-based PPF-TTL algorithm. The well-known PPF algorithm is applied for
radio resource allocation, in which URLLC packets have a higher priority than eMBB
packets [73]. The RBs will first serve URLLC transmission, then eMBB traffic will be
processed. We deploy the TTL method for caching, but no slicing and learning are included.
The PPF-TTL method is shown in Algorithm 4.
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7.2.5 Computational Complexity Analyses

Moreover, we analyze the computational complexity of the proposed DTRL-based methods.
Firstly, the complexity of the DTRL method is dominated by the training and updating
of the LSTM network. The complexity of the LSTM network updating consists of the
running time of recurrent connections and bias, and the updating time of input and out-
put nodes. The computational complexity for updating the LSTM network in DTRL is
O(lhdm

2
lstmc

2
lstm), where lhd is the number of hidden layers, clstm is the number of memory

cells in each block and mlstm is the number of memory blocks. It is worth noting that only
the main network needs to be trained, and the target network can copy the weight from
the main network.

On the other hand, the knowledge transfer process also contributes to the complexity.
In QDTRL, the knowledge transfer consists of the state and action mapping functions F
and F ′. Accordingly, the time complexity is O(

∑Ne

q=1|Se,q||Ae,q|), where |N e| is the number
of experts, Se,q and Ae,q are state and action sets of experts, respectively.

In ADTRL, the Kantorovich distance can be considered as an optimal transportation
problem, which is computable within a strong polynomial time O(|S|2log(|S|)), where |S|
is the total number of possible distributions [165]. Meanwhile, the Hausdorff metric can be
solved in a nearly linear time [166], which can be neglected compared with the complexity
of Kantorovich distance. Based on equation (7.26), the total complexity of knowledge
transfer in ADTRL is O(|Ne||Al||S|2log(S)), where |Al| is the action set of the learner.
In summary, these analyses show that our knowledge transfer process can be efficiently
computed, and the complexity is linearly related to the number of experts.
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Algorithm 7.1 QDTRL-based joint resource
allocation
1: Initialize: Wireless and QDTRL parame-

ters
2: for TTI = 1 to T total do
3: for Each BS do
4: With probability ϵ, selecting actions

randomly; otherwise, choosing actions
by al = argmax

a
Q(s′l, a, w)).

5: GRM implements inter-slice resource
allocation.

6: SRMs distribute radio resource to UEs
by proportional fairness, and replace
cached content items.

7: Updating system state, and saving
(sl, al, rl, s

′
l) to the experience pool.

Every C TTIs, sampling a minibatch
from the experience pool randomly.

8: Find F(sl) and F ′(al) for any sl and
al in the minibatch.

9: Generating target Q-values
QTar(sl, al)=

rl if done
σ1Q

E(F(sl),F ′(al))+
rl + γQ(s′l, argmax

a
Q(s′l, al, w), w

′) else

10: Updating w using gradient descent
by minimizing the loss Loss(w) =
Er(QTar(sl, al)−Q(sl, al, w)).

11: Copying w to w′ after several training.
12: end for
13: end for
14: Output: Network and learning algorithm

performance.

Algorithm 7.2 ADTRL-based joint resource
allocation
1: Initialize: Wireless and ADTRL parame-

ters
2: for TTI = 1 to T total do
3: for Each BS do
4: With probability ϵ, selecting action al

by:

Pr(al|sl) =
Sig(Ol(sl, al))∑
a∈Al

Ol(sl, a)

5: Otherwise, choosing al by
argmax

a
Q(s′l, a, w).

6: GRM implements inter-slice resource
allocation.

7: SRMs distribute radio resource to UEs
by proportional fairness, and replace
cached content items.

8: Updating system state, and saving
(sl, al, rl, s

′
l) to the experience pool.

Every C TTIs, sampling a minibatch
from the experience pool randomly.

9: Generating target Q-values
QTar(sl, al)={

rl if done
rl + γQ(s′l, argmax

a
Q(s′l, a, w), w

′) else

10: Updating w using gradient descent
by minimizing the loss Loss(w) =
Er(QTar(sl, al)−Q(sl, al, w)).

11: Copying w to w′ after several training.
12: end for
13: end for
14: Output: Network and learning algorithm

performance.
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Algorithm 7.3 EB-DQN-based joint re-
source allocation
1: Initialize: Wireless and EB-DQN param-

eters
2: for TTI = 1 to T total do
3: for Each BS do
4: With probability ϵ, choose actions ran-

domly; otherwise, choosing actions by
al = argmax

a
Q(s′l, a, w)).

5: GRM implements inter-slice resource
allocation.

6: SRMs distribute radio resource to UEs
by proportional fairness, and replace
cached content items by TTL.

7: Updating system state, and saving
(sl, al, rl, s

′
l) to the experience pool.

Every C TTIs, sampling a minibatch
from the experience pool randomly.

8: Generating target Q-values
QTar(sl, al)= rl +

Ψ√
ψ(s,a)

if done

rl +
Ψ√
ψ(s,a)

+ γ argmax
a

Q(s′l, a, w
′) else

9: Updating w using gradient descent
by minimizing the loss Loss(w) =
Er(QTar(sl, al)−Q(sl, al, w)).

10: Copying w to w′ after several training.
11: end for
12: end for
13: Output: Performance of the network and

the learning algorithm.

Algorithm 7.4 PPF-TTL based joint re-
sources allocation
1: Initialize: Wireless networks parameters
2: for TTI = 1 to T total do
3: for Each BS do
4: for Each RB do
5: Calculating the estimated transmis-

sion rate of UEs in the queue.
6: Calculating proportional fairness

metric.
7: Transmitting URLLC packets with

the highest proportional fairness. If
no URLLC packet, then transmit-
ting eMBB packets.

8: end for
9: BS replaces cached content items by

time-to-live rule.
10: end for
11: end for
12: Output: Performance of the network.

119



7.3 Performance Evaluation

7.3.1 Parameter Settings

In this section, we consider six different cases: expert 1, expert 2, learner 1 (QDTRL),
learner 2 (ADTRL), baseline 1 (EB-DQN) and baseline 2 (PPF-TTL). We include 6 adja-
cent gNBs, and each algorithm is implemented in one gNB randomly. Each gNB contains
an eMBB slice and a URLLC slice. The eMBB slice has 5 UEs, while the URLLC slice
has 10 UEs. The radius of each gNB is 300 meters, and the distance between two adjacent

Table 7.2: Parameters settings of 5G networks, cache capacity, and learning algorithm

5G settings Cache settings
Bandwidth: 20MHz Caching capacity: 20 contents

3GPP urban macro network TTL value: 50 TTIs
Number of RBs: 100 Contents library size: 40/slice

Subcarriers in each RB: 12 Content popularity: Zipf
Subcarrier bandwidth: 15kHz Traffic model
Transmission power: 40 dBm

(uniform distributed)
URLLC/ eMBB traffic: Poisson

distribution
TTI size: 2 OFDM symbols Packet size: 36 Bytes
Tx/Rx antenna gain: 15 dB. Learning settings
Retransmission settings Network layers: 4

Max number of retransmissions: 1 2 LSTM network hidden layers
Round trip delay: 4 TTIs hidden layer has 35 nodes

Hybrid automatic repeat request. Initial learning rate: 0.005
UE and gNBs Experience pool size: 150

25 eMBB UE, 50 URLLC UE Training frequency: 30 TTIs
UE random distribution Minbatch size: 30

Number of gNBs: 5 Discount factor: 0.5
Inter-gNB distance: 500m Epsilon value: 0.05

Propagation model Reward weight: 0.5
128.1+37.6log(distance(km)) Transfer learning rate: 0.7
Log-Normal shadowing: 8 dB. Ψ value for EB-DNQ: 0.5
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gNBs is 600 meters. Each gNB has 100 RBs in total, divided into 13 RBGs. We assume the
caching capacity is reallocated every 50 TTIs because replacing the cached content items
takes time. The experience of experts is presumed to be existing knowledge for learners.

We deploy LSTM networks with 30 nodes as hidden layers for the target and main
networks in DTRL and EB-DQN. The network learning rate and the number of layers are
selected by the grid search method. We try different parameter combinations and find the
best performance accordingly. The simulations include 3000 TTIs, where the first 1500
TTIs are the exploration period, and the remaining TTIs are the exploitation period. The
simulations are implemented in MATLAB 5G library with 15 runs and a 95% confidence
interval. Other 5G and learning parameters are shown in Table 7.2.

7.3.2 Performance Analyses of Various Learning Parameters

In this section, we analyze the algorithm performance under diverse learning parameters.
Fig.7.4 (a) shows the convergence performance of QDTRL, ADTRL and EB-DQN, which
is a critical metric for learning algorithms. ADTRL has the fastest convergence, which can
be explained by the improved action selection strategy. ADTRL takes advantage of the
action selection policies of experts, which indicates actions with higher potential rewards.
It proves that ADTRL applies a more efficient exploration strategy and performs better.
QDTRL also presents a better convergence performance than EB-DQN. In QDTRL, the
Q-values of experts are extracted as extra rewards for action selections. It assumes that
actions with higher Q-values in experts can also bring higher rewards to learners, and
the exploration is accelerated. However, other actions can still be randomly selected for
exploration, lowering the exploration efficiency. On the contrary, in EB-DQN, the agent
has no prior knowledge about target tasks. The agent starts from scratch to explore its
tasks, which leads to a longer convergence time and a lower average reward.

Then, Fig.7.4 (b) shows the network performance of EB-DQN against the extra ex-
ploration reward Ψ (shown in equation (7.29)). A higher Ψ value will encourage more
explorations, while a lower value means more exploitation. The simulations demonstrate
that a higher Ψ may hamper the network performance by over-exploration, and a lower Ψ
also degrades the URLLC delay and eMBB throughput by under-exploration. Therefore,
an appropriate Ψ value is critical to balance the exploration and exploitation.

To investigate how the knowledge transfer can contribute to the learner agent perfor-
mance, Fig. 7.4 (c) shows the QDTRL performance under various expert Q-table sizes. In
particular, a lower value such as 0.3 means that the learner agent only has 30% of the ex-
pert Q-tables as prior knowledge. Fig. 7.4 (c) demonstrates that more prior knowledge can
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(a) Convergence performance compari-
son of EB-DQN, QDTRL and ADTRL

(b) Network performance of EB-DQN un-
der various extra exploration rewards Ψ.

(c) Convergence of QDTRL under var-
ious Q-table sizes of expert agents

(d) Convergence of ADTRL under var-
ious action selection knowledge sizes of
expert agents

(e) Network performance of QDTRL
under various transfer learning rates

(f) Network performance of ADTRL
under various transfer learning rates

Figure 7.4: Convergence and network performance comparison.
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bring better performance for the learner agent, while partial prior knowledge may produce
lower average rewards. Similarly, Fig. 7.4 (d) presents the ADTRL performance using dif-
ferent action selection transfer sizes. Specifically, a lower value indicates that the learner
agent only has part of the action selection knowledge of expert agents. Consequently,
one can observe that more transferred knowledge can improve exploration efficiency and
produce a higher average reward for the learner agent.

Finally, note that we have defined transfer learning rates when introducing QDTRL and
ADTRL, representing the importance of transferred knowledge. The network performance
of QDTRL and ADTRL under different transfer learning rates is investigated here. In
QDTRL, the transfer learning rate is indicated by the σ1 in equation (7.19). Fig.7.4 (c)
and (d) show that a higher transfer learning rate may lead to better network performance,
which is indicated by a lower URLLC delay and a higher eMBB throughput. However,
a very high transfer learning rate may affect the exploration of the agent itself, and it
leads to sub-optimal results such as higher delays and lower throughput. A similar trend
can be observed in Fig.7.4 (e) and (f) for ADTRL, in which the transfer learning rate
is indicated by variable σ2 in equation (7.27). A higher σ2 value significantly reduces
the exploration complexity and brings better network performance. However, when σ2 ≥
0.6, the transferred knowledge dominates the learning process, resulting in performance
degradation in terms of latency and throughput.

7.3.3 Network Performance Analyses

In this section, we compare the network performance of different algorithms under various
traffic loads and backhaul capacities. The eMBB traffic is fixed to 1 Mbps per cell, and
the URLLC traffic ranges from 1 to 6 Mbps. We first present the results, then explain the
performance of each algorithm.

Fig.7.5 (a) shows the Empirical Complementary Cumulative Distribution Function (EC-
CDF) of the URLLC latency with 2 Mbps URLLC traffic, which presents empirical distri-
butions of packet delays. We zoom the area where the ECCDF value is higher than 0.1 and
the URLLC delay is lower than 1 ms to better show the results. Expert 1 and PPF-TTL
method present the highest delay, which is indicated by the high delay distribution in 0.1-1
interval of the ECCDF axis. By contrast, expert 2 has a lower delay distribution than
expert 1. Meanwhile, EB-DQN and ADTRL show comparable delay performance for the
URLLC slice. Finally, ADTRL achieves the best delay performance than other algorithms.
Fig.7.5 (b) and (c) present average URLLC slice delay and eMBB slice throughput against
traffic loads. It shows that both ADTRL and QDTRL maintain lower delay and higher
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(a) ECDF of URLLC latency (1 Mbps
eMBB traffic, 2 Mbps URLLC traffic)

(b) URLLC latency against traffic load

(c) eMBB throughput against traffic
load

(d) Packet drop rate comparison
against traffic load

(e) URLLC latency against backhaul
capacity

(f) eMBB throughput against backhaul
capacity

Figure 7.5: Performance comparison under various traffic load and backhaul capacity.
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throughput than experts and baseline algorithms under various traffic loads. Expert 2
shows a lower URLLC delay than PPF-TTL and expert 1, but its eMBB throughput is
much lower than any other algorithm. In Fig.7.5 (d), all algorithms have comparable packet
drop rate except the PPF-TTL. Following, we will explain the results of each algorithm.

We first analyze the experts’ performance. Expert 1 shows a high delay and a low
throughput, because it has no caching capability. All packets required by UEs have to be
processed by the core network, and the constant backhaul delay leads to a high URLLC
delay and a low eMBB throughput. On the contrary, expert 2 has a lower delay because
we apply a fixed RB allocation strategy. In particular, RBs are distributed according to
the UE numbers in each slice; thus, the URLLC slice always has more RBs, which leads
to a low URLLC delay. But the eMBB slice is affected by a low eMBB throughput.

For the baseline algorithms, EB-DQN outperforms the PPF-TTL method because it
jointly learns the radio and cache resource allocation. The eMBB throughput of PPF-TTL
method decreases significantly with the increasing URLLC load, which results from the
priority settings in this method. In the PPF method, whenever a new URLLC packet
arrives, it is directly scheduled over the eMBB packets, which unavoidably degrades the
eMBB throughput.

Finally, the proposed QDTRL and ADTRL have the best overall performance. Due
to the novel DTRL-based scheme, they can leverage the knowledge of experts and further
improve their performance on new tasks. When the URLLC traffic is 4 Mbps, ADTRL
presents a 21.4% lower URLLC delay and a 22.4% higher eMBB throughput than EB-DQN.
A 40.8% lower URLLC delay and a 59.8% higher eMBB throughput are also observed
compared with PPF-TTL method. The simulations show that the proposed DTRL-based
solutions achieve more promising results than the baseline algorithms.

Moreover, backhaul capacity is one of the main bottlenecks of 5G RAN. Here we in-
vestigate the network performance under various backhaul capacities, and the results are
shown in Fig.7.5 (e) and (f). Note that the basic performance of experts has been shown
in former results, and here we mainly compare the DTRL-based solutions with baseline
algorithms.

As expected, all algorithms achieve lower delays for URLLC slice and higher through-
put for eMBB slice with increasing backhaul capacity, because higher capacity will reduce
the backhaul delay. Moreover, QDTRL and ADTRL still achieve lower URLLC delays
and higher eMBB throughput. Compared with EB-DQN, the satisfactory performance of
QDTRL and ADTRL can still be explained by their knowledge transfer strategy. Mean-
while, the worst performance of PPF-TTL shows that learning-based methods outperform
model-based algorithms by the superior learning capability. When the backhaul capacity
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is 15 Mbps, ADTRL presents an 18.9% lower URLLC delay and a 24.2% higher eMBB
throughput than EB-DQN. Compared with the PPF-TTL method, a 24.7% lower URLLC
delay and a 54.3% higher eMBB throughput are observed.

7.3.4 Content Caching Performance Analyses

In this section, we compare different algorithms under various caching capacities, indicated
by the maximum number of content items stored in gNBs. As shown in Fig.7.6 (a) and
(b), a higher caching capacity will reduce the URLLC latency and increase the eMBB
throughput. It is because a higher caching capacity means that more items can be cached
in gNBs, and the average backhaul delay will be reduced. The simulations show that
ADTRL and QDTRL have the best overall performance. EB-DQN still achieves a lower
URLLC delay and a higher eMBB throughput than PPF-TTL algorithm.

Furthermore, we present the cache hit ratio of eMBB and URLLC slices in Fig.7.6
(c). The cache hit ratio represents the proportion of packets that can be found in the
cache server when they are required. A higher cache hit ratio usually indicates better
network performance, which is affected by the caching capacity and the content replacement
strategy. With the increasing caching capacity, cache hit ratios naturally increase for all
algorithms. As expected, the cache hit ratio of the eMBB and URLLC slices are well
maintained in QDTRL and ADTRL. Compared with ADTRL, the ratios in EB-DQN and
PPF-TTL methods are 19.8% and 31% lower. Note that PPF-TTL method only has one
curve because we assume there is no slicing in PPF-TTL algorithm. Finally, ADTRL,
QDTRL and EB-DQN have similar cache hit ratios when the caching capacity is 60. It
means that most required items can be cached with this capacity, and then a high cache
hit ratio is observed.
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(a) URLLC latency against caching capacity

(b) eMBB throughput against caching capacity

(c) Cached hit ratio against caching capacity

Figure 7.6: Network performance comparison under various caching capacities.
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Chapter 8

Cooperative Hierarchical Deep
Reinforcement Learning based Joint
Sleep, Power, and RIS Control for
Energy-Efficient HetNet

EE is one of the most important metrics for 5G and future 6G networks to reduce en-
ergy costs and control carbon footprint. Sleep control, as a cost-efficient approach, can
significantly lower power consumption by switching off network devices selectively. Mean-
while, the RIS has emerged as a promising technique to enhance the EE of 5G beyond and
6G networks. In this work, we jointly consider sleep and transmission power control for
RIS-aided energy-efficient HetNet. In particular, we first propose a FP method for RIS
phase-shift control, which aims to maximize the sum-rate under given transmission power
levels. Then, considering the timescale difference between sleep control and power control,
we introduce a Co-HDRL algorithm, including a cross-entropy enabled meta-controller for
sleep control, and correlated equilibrium-based sub-controllers for power control. Moreover,
we proposed a surrogate optimization method as one baseline for RIS control, and conven-
tional HDRL as another baseline for sleep and power control. Finally, simulations show
that the RIS-assisted sleep control can achieve more than 16% lower energy consumption
and 30% higher energy efficiency than baseline algorithms.
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Figure 8.1: RIS-aided heterogeneous network.

8.1 Network and System Model

As shown in Fig. 8.1, we consider a multi-BS and multi-RIS HetNets environment. Firstly,
the small base station (SBS)s can enter sleep mode when the transmission demand drops,
which will reduce energy consumption and increase overall energy efficiency. Then the
macro base station (MBS) will take over the active UEs that are previously covered by
sleeping SBSs. Meanwhile, SBS can adjust its transmission power dynamically to achieve
the desired SINR for attached UEs and reduce interference on other SBSs. This work
proposes a Co-HDRL method for joint sleep and power control of SBSs.

On the other hand, the direct transmission between BSs and UEs may suffer high
penetration loss due to dense buildings. Then, RISs are deployed to reshape the signal
transmission path from BS to UEs and increase the SINR. Note that one RIS can be shared
by several BSs, which means the RIS control will simultaneously affect the performance
of several BSs, and we propose an FP-based algorithm for the RIS phase-shift control. In
this work, we first apply Co-HDRL method to decide the on/off status and transmission
power of SBSs, and then the transmission power will be used by FP-based algorithm for
RIS phase-shift optimization.
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8.1.1 RIS-Assisted Channel Model

The direct transmissions between BS and UEs are usually considered as non-line-of-sight
(NLOS) with a high penetration loss caused by dense buildings and complicated propaga-
tion environments, which is a commonly considered assumption due to the RIS application
environment. Consequently, we assume UEs mainly receive signals by the indirect RIS-
assisted transmission that consists of BS-RIS and RIS-UE links [167].

RIS elements are usually deployed on the surface of high buildings, and then the BS-RIS
link is considered as a line-of-sight (LOS) link:

Hb,m = gb,m[hb,m,1, ...,hb,m,n, ...,hb,m,|Nm|], (8.1)

where gb,m is the path loss from bth BS to mth RIS, Nm is the total number of elements of
mth RIS. The phase difference hb,m,n is given by hb,m,n = exp

(
−2jπdb,m,n

λ

)
, where j is the

imaginary unit, db,m,n is the distance from bth BS to mth RIS, λ is the signal wavelength.

Then, the signal will be reflected by RIS to UEs by a phase shift matrix:

Θm = ωmdiag(θm,1, ..., θm,n, ..., θm,Nm), (8.2)

where diag indicates the diagonal operator, ωm is the amplitude reflection coefficient of
mth RIS, and ωm ∈ [0, 1]. θm,n = ejθ

′
m,n is the phase shift of nth RIS elements with

θ′m,n ∈
{
0, 2π

2µ
, · · · , 2π(2

µ−1)
2µ

}
, and µ is the resolution of the RIS element’s phase shifter.

Considering the complex environment on the UE side, the RIS-UE link follows the
Rician fading, which is a combination of LOS and NLOS transmissions [168]:

Gm,k =

√
τm,k

τm,k + 1
Gm,k +

√
1

τm,k + 1
G̃m,k, (8.3)

where τm,k is the Rician factor between mth RIS and kth UE. Gm,k is the deterministic
LOS component, which can be calculated in a similar way as (8.1). G̃m,k is the NLOS
component, which is given by independent and identically distributed complex Gaussian
distribution.

For a downlink transmission between BS j and UE k, the achievable rate is:

Cb,k =bk log

(
1+

Pb|
∑
m∈M

Hb,mΘmG
†
m,k|2∑

b′∈B−b

Pb′ |
∑

m′∈M
Hb′,m′Θm′G†

m′,k|2+N2
0

)
, (8.4)
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where bk is the bandwidth allocated to UE k, G†
m,k represents the conjugate transpose of

vector Gm,k, N2
0 is the noise power, and Pb is the transmission power of bth BS. B−b denotes

the set of BSs except bth BS, and M is the set of RISs in the environment. There have
been a few advanced methods to estimate the channel state information (CSI) in RIS-aided
networks, e.g., sending pilot signals and using sensing devices at RISs. Therefore, here we
assume perfect CSI sharing in the network, which is a widely used assumption in many
existing works.

8.1.2 Energy Consumption Model

We assume only SBS can enter the sleep mode, and the energy consumption of the bth SBS
is [169]:

Eb =

{
Pactive + δBSPb, if qb = 1;
Psleep, if qb = 0,

(8.5)

where qb = 1 indicates active mode, and qb = 0 means sleep mode. Pactive is the constant
energy consumption of SBS in active mode, δBS is the slope of load-dependent energy
consumption factor, Pb is the transmission power, and Psleep is the SBS energy consumption
in sleep mode.

8.1.3 Problem Formulation

The overall objective is to maximize the overall EE, and the problem formulation is given
by:

max
qb,Pb,Θm

∑
b∈B

∑
k∈Kb

Db,k∑
b∈B Eb

− ϕ
∑
b∈B

nb (8.6)

s.t. Eb =

{
Pactive + δBSPb, if qb = 1;
Psleep, if qb = 0,

, (8.6a)

|θm,n|2= 1,m ∈ M, n ∈ Nm, (8.6b)
Pb ≤ Pmax. (8.6c)

where Db,k is the throughput of kth UE associated with bth BS. Note that the throughput
level Db,k depends on the user traffic demand and available channel capacity, which means
that BS can adjust the transmission power dynamically to save energy consumption when
user’s traffic demand is off-peak. Therefore, such definitions can better adapt to wireless
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network dynamics. nb is a binary variable: nb = 1 means the bth BS is overloaded; otherwise
nb = 0. Here, overloading indicates the transmission demand has exceeded the BS channel
capacity, and consequently attached UEs may experience a long queuing delay. We define
ϕ as a penalty factor to avoid overloading and guarantee network performance. A lower ϕ
value means that the system may degrade the user experience to save energy consumption
and improve EE, while a higher ϕ value indicates more power consumption to guarantee
service quality. Therefore, the value of ϕ depends on the network operator’s preference
and specific environment. Finally, The power consumption of RIS elements is not included
here because it is much lower than BS power in practice [167].

The defined problem (8.6) includes three control variables qb, Pb, and Θm. First,
the binary variable qb in equation (8.5) indicates the sleep control of SBSs, which will
affect the energy consumption

∑
b∈B Eb in the objective. Second, the BS transmission

power level Pb in equation (8.4) will affect both energy consumption and channel capacity.
Finally, the channel capacity also depends on the RIS phase shift Θm, which is given by
equation (8.4). In summary, we aim to jointly consider the sleep control, transmission
power control, and RIS phase-shift control to optimize the objective defined in equation
(8.6). Problem (8.6) is highly non-convex and non-linear, and the binary sleep control
decision qb indicates integer control variables, which may be NP-hard to solve. In addition,
the sleep control decision has to consider dynamic traffic load level and channel conditions,
and such uncertainty increases the difficulty of solving problem (8.6) directly. Therefore,
we decouple this problem into two sub-problems, RIS phase-shift control and joint sleep
and transmission power control, which will be introduced in the following sections.

8.2 Fractional Programming based RIS Phase-shift Con-
trol

In this section, we introduce the proposed FP-based RIS phase control. Based on equation
(8.4), the SINR of UE k is:

ψk =

Pb|
∑
m∈M

Hb,mΘmG
†
m,k|2∑

b′∈B−b

Pb′ |
∑

m′∈M
Hb′,m′Θm′G†

m′,k|2+N2
0

(8.7)

The objective of RIS phase-shift control is to maximize the total data rate for all UEs,
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which is given by:

max
Θm

f1(Θm) =
∑
k∈K

bk log(1 + ψk) (8.8)

s.t. |θm,n|2= 1,m ∈ M, n ∈ Nm, (8.8a)

where K is the set of UEs, and bk is the bandwidth allocated to UE k. In equation (8.8),
note that the control variable is Θm, and the BS transmission power Pb depends on the
Co-HDRL algorithm, which will be introduced in the next section.

Proposition 1 : The problem (8.8) is equivalent to [170]:

max
Θm,β

f2(Θm,β) =
∑
k∈K

(
bk log(1 + βk)− bkβk +

bk(1 + βk)ψk
1 + ψk

)
s.t.(8.8a),

(8.9)

where β = [β1, β2, ..., β|K|] is the auxiliary variables given by Lagrangian dual transform.

Proof : See Appendix A.3.

Given equation (8.9), we take the ratio term out of the logarithm by Lagrangian trans-
form. To solve the problem (8.9), we apply an iterative method to update the Θm and β
alternatively. First, given Θm, setting ∂f2

∂βk
= 0 claims β∗

k = ψk. Then, given β∗
k , optimizing

Θm means:

max
Θm

f3(Θm) =
∑
k∈K

bk(1 + βk)ψk
1 + ψk

=
∑
k∈K

bk(1 + βk)Pb|
∑
m∈M

Hb,mΘmG
†
m,k|2∑

b′∈B
Pb′ |

∑
m′∈M

Hb′,m′Θm′G†
m′,k|2+N2

0

s.t. (8.8a),

(8.10)

For ease of notation, we define θ̂m by:

θ̂m = [θm,1, θm,2, ..., θm,Nm ] ∈ C1×N , (8.11)

and
√
PbHb,mΘmG

†
m,k can be easily transformed to ωmθ̂mdiag(Hb,m)G

†
m,k

√
Pb. For nota-

tion brevity, we further define vb,m,k = ωmdiag(Hb,m)G
†
m,k

√
Pb. Then, equation (8.10) can
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be rewritten by:

max
Θ̂

f3(Θ̂) =
∑
k∈K

bk(1 + βk)|
∑
m∈M

θ̂†
mvb,m,k|2∑

b′∈B
|
∑

m′∈M
θ̂
†
m′vb′,m′,k|2+N2

0

=
∑
k∈K

bk(1 + βk)|Θ̂Vb,k|2∑
b′∈B

|Θ̂Vb′,k|2+N2
0

s.t. (8.8a),

(8.12)

where Θ̂ = [θ̂†
1, θ̂

†
2, ..., θ̂

†
|M|] represents all the RIS phase control variables, and Vb,k =

[vb,1,k,vb,2,k, ...,vb,|M|,k].

Proposition 2 : Based on quadratic transformation, equation (8.12) is equivalent to [170]:

max
Θ̂,ηk

f4(Θ̂, ηk) =
∑
k∈K

(2
√
bk(1 + βk)Re{η†k(Θ̂Vb,k)} − η†k(

∑
b′∈B

|Θ̂Vb′,k|2+N2
0 )ηk)

s.t. (8.8a),
(8.13)

where η = [η1, η2, ...η|K|] a collection of auxiliary variables, and Re{} refers to the real
number part of a complex number.

Proof : See Appendix A.4.

Given proposition 2, we rewrite equation (8.13) to optimize Θ̂:

max
Θ̂

f5(Θ̂) = 2Re{Θ̂†∑
k∈K

2
√
bk(1 + βk)η

†
kVb,k} − Θ̂†∑

k∈K

|ηk|2
∑
b′∈B

|Vb′,k|2Θ̂+
∑
k∈K

|ηk|2N2
0

= −Θ̂†ΛΘ̂+ 2Re{Θ̂†Ψ}+
∑
k∈K

|ηk|2N2
0

s.t. (8.8a),
(8.14)

where Λ =
∑

k∈K|ηk|2
∑
b′∈B

|Vb′,k|2 and Ψ =
∑

k∈K 2
√
bk(1 + βk)η

†
kVb,k for ease of notations.

Note that equation (8.14) is a quadratically constrained quadratic programming problem,
but the phase shift constraint |θm,n|2= 1 is non-convex. Therefore, we relax this constraint
by allowing |θm,n|2≤ 1 for convexity, which means:

max
Θ̂

f6(Θ̂) = −Θ̂†ΛΘ̂+ 2Re{Θ̂†Ψ}

s.t. |θm,n|2≤ 1,m ∈ M, n ∈ Nm,
(8.15)
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which is an optimization problem with strong convexity. The Lagrange dual of this problem
can be written as an unconstrained problem:

min
Θ̂,σ̂

f7(Θ̂, σ̂) = −Θ̂†ΛΘ̂+ 2Re{Θ̂†Ψ} −
∑
m∈M

∑
n∈Nm

σm,n(|θm,n|2−1), (8.16)

where σm,n is the Lagrange dual variable for each constraint with σ̂ = [σ1, ...,σm, ...,σM],
and each σm = [σm,1, ..., σm,n, ..., σm,|Nm|].

Proposition 3 : the optimal value of equation (8.15) can be achieved by updating optimal
Θ̂ and σ̂ iteratively.

Proof : Setting ∂f7
∂Θ̂

= 0, then we have the optimal Θ̂∗ by:

Θ̂∗ =
Ψ

Λ+ diag
(σ̂). (8.17)

Then, given Θ̂∗, we differentiate (8.16):

∂f7
∂σm,n

=

∂(
∑
m∈M

∑
n∈Nm

σm,n(1− |θm,n|2))

∂σm,n

= 1− ∂(Θ̂Θ̂†diag(σ̂))
∂σm,n

= 1− |θm,n|2

(8.18)

Setting ∂f7
∂σm,n

= 0 will bring |θm,n|2= 1, which means each element in Θ̂∗ will satisfy the
constraints (8.8a).

Finally, substituting (8.17) into (8.16) claims:

f8 =
ΨΨ†

Λ + diag
(σ̂) + tr(diag(σ̂)), (8.19)

which can be solved by the well-known Schur complement:

max
σ̂,κ

f9(σ̂, κ) = κ− tr(diag(σ̂)) (8.20)

s.t.
[
Λ + diag(σ̂) Ψ

Ψ† −κ

]
⪰ 0 .

Finally, equation (8.20) can be efficiently solved as a semidefinite programming (SDP)
problem, and we summarize the FP-based RIS phase control in Algorithm 1, which applies
an alternative method for optimization.
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Algorithm 8.1 Fractional programming based RIS phase control
1: Initialize: Wireless channel parameters and BS transmission powers. Setting iteration num-

ber y = 1, selecting a feasible initial value for Θ(y) based on the constraints.
2: repeat
3: Given Θ(y), updating auxiliary variable β∗(y+1)

k = ψ
(y)
k by equation (8.7).

4: Calculating Θ̂(y+1) and V
(y+1)
b,k which has been defined in equation (8.12).

5: Calculating η∗(y+1) as in Appendix A.4, and generating Λ(y+1) and Ψ(y+1) accordingly.
6: Calculating σ̂(y+1) by solving problem (8.20).
7: Updating Θ̂(y) by equation (8.17), transforming Θ̂(y) to Θ(y).
8: y = y + 1
9: until Problem (8.9) converges, or the iteration number y reaches the predefined maximum

value.
10: Output: Maximum data transmission rate and optimal RIS phase shifts under given trans-

mission power of BSs.

8.3 Cooperative Hierarchical Deep Reinforcement Learn-
ing for Sleep Control and Power Control

We introduce the proposed Co-HDRL algorithm in this section. Co-HDRL applies a hier-
archical architecture for decision-making, including a meta-controller for sleep control, and
multiple sub-controllers for transmission power control.

8.3.1 Hierarchical SMDP, Meta-controller and Sub-controller Def-
initions

In this section, we introduce a hierarchical semi Markov decision process (SMDP), which
is used to transform our defined problem formulation into MDP context.

A conventional MDP scheme can be defined by a tuple < S,A, T,R >, where S is the
state set, A is the action set, T is the transition probability, and R is the reward function,
respectively. As shown in Fig. 8.2a, the agents select an action at based on current state
st, then it receives the reward rt and moves to the next state st+∆t. However, conventional
MDP has difficulty in defining more complicated and realistic problems such as tasks with
sparse rewards and different timescale actions. For example, sleep control is obviously a
long-term decision, since turning on/off SBSs will greatly affect the network performance.
By contrast, power control is a delicate and short-term decision to change the SINR of
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(a) Conventional MDP architecture

(b) SMDP architecture.
Figure 8.2: Comparisons between MDP and SMDP.

UEs. Therefore, we include a novel hierarchical SMDP framework to better handle the
timescale difference between sleep control and power control.

Compared with conventional MDP, the main difference of SMDP lies in the hierarchical
architecture. The SMDP here can be defined by a tuple < S,A, T,R,G >, where G is the
set of goals. For example, Fig. 8.2b includes three agents in different levels, and each agent
has its own MDPs. Given current state sth, the highest level agent will first select a goal gth
at time slot t, and this goal serves as a high-level policy instruction for middle-level agent
from time slot t to t+4∆t. Similarly, gtm, which is the goal selected by middle-level agent,
can affect the low-level action selection from t to t + 2∆t. On the other hand, low-level
agents will provide reward feedback to higher-level agents, which can be used to evaluate
higher-level goals. For instance, rtl and rt+∆t

l , which are low-level rewards, may affect the
rtm calculation, i.e. the middle-level reward.

Moreover, these agents can apply different timescales for decision making: e.g., the
highest level selects gth every 4∆t, the middle level chooses gtm every 2∆t, and the low level
makes decisions every ∆t. This hierarchical timescale setting enables higher flexibility for
SMDP in more complicated and realistic environments, which makes it an ideal model for
describing the joint sleep control and power control problem. Meanwhile, Fig. 8.2b reveals
that the high-level agents rely on the reward feedback of lower levels for goal evaluation.
Unstable feedback from low-level agents can mislead the high-level controllers, and sub-
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optimal policy may be selected, which will finally degrade the overall system reward. Note
that SMDP has many variants, and here we define our SMDP to solve the hierarchical
control problem [171]. We use three layers as an example in Fig. 8.2b, but the proposed
SMDP scheme is compatible with any number of layers.

Based on Fig. 8.2b, we define an SMDP with two layers. MBS is defined as a meta-
controller for sleep control, which will decide the long-term on/off status of attached SBSs.
Then, each SBS is considered as a sub-controller to adjust its short-term transmission
power level. Sleep control is refereed to high-level policy instruction for SBSs, and SBSs
can provide reward feedback to the meta-controller to evaluate the sleep control policies.

For the SBS sub-controller, we define the state, action and reward by:

• State: For the bth SBS, the state ssub is defined by the total transmission demand
level of attached UEs:

ssub =

∑
k∈Kb

Wb,k

Wmax
b

, (8.21)

where Wb,k represents the transmission demand of UE k, Kb represents the set of UEs
that are associated with bth SBS. Wmax

b is the max transmission demand of bth SBS,
which is referred to as a constant value to normalize transmission demand in the
current time slot. It is assumed the UE daily transmission demand follows specific
patterns as in [172].

• Action: The SBS sub-controller can adjust its transmission power level Pb to satisfy
the transmission demand in the current time slot. Therefore, the action of bth SBS
sub-controller is asub = {Pb}.

• Low-level reward: The low-level reward of sub-controller is:

rsub =

{ ∑
k∈Kb

Wb,k

Eb
− ϕnb, if qb = 1

0, if qb = 0
(8.22)

where ϕ and nb are overloading penalty factor and overload indicator, respectively.
The overload definition has been given in equation (8.6). qb has been defined in
equation (8.5) as the sleep control indicator. rsub aims to maximize the EE of bth
SBS, and we assume the rsub is 0 in sleep mode.

The MBS is defined as a meta-controller, which will produce high-level sleep control
policies for the SBS sub-controllers:
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Figure 8.3: Overall architecture of the proposed Co-HDRL.

• State: The state of the MBS meta-controller includes the transmission demand level
of all BSs:

smeta =

[ ∑
k∈K1

W1,k

Wmax
1

,

∑
k∈K2

W2,k

Wmax
2

, ...,

∑
k∈K|B|

W|B|,k

Wmax
|B|

]
, (8.23)

where B is the set of all BSs.

• High-level goals: Given the transmission demand level of all BSs, the meta-
controller can produce sleep control decisions for SBS sub-controllers:

gmeta = [q1, q2, ..., qb, ..., q|BSBS |], (8.24)

where qb has been defined in equation(8.5) as sleep mode indicator of bth SBS, and
BSBS is the set of SBSs.

• High-level reward: The meta-controller is responsible for the overall performance
of all BSs. Accordingly, the high-level reward is given by the objective function we
have defined in the problem formulation:

rmeta =

∑
b∈B

∑
k∈Kb

Db,k∑
b∈B Eb

− ϕ
∑
b∈B

nb, (8.25)
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8.3.2 Co-HDRL Framework and Network Training

The overall framework of our proposed Co-HDRL algorithm is given in Fig. 8.3, which
includes one meta-controller and multiple sub-controllers. The goal selected by the meta-
controller will decide the on/off status of sub-controllers.

In each controller, we deploy a double deep Q-learning (DDQN) scheme for the Q-value
prediction, which has been introduced in former Chapters. The DDQN scheme is proposed
to separate the action selection and evaluation by:

L(w) = Er(rt + γQ(st+1, argmax
a
Q(st+1, a, w), w′)−Q(st, at, w)), (8.26)

where st, at and rt are the state, action and reward at time slot t, respectively. w and
w′ are the weight of the main and target networks. γ is the discount factor (0 < γ < 1).
Q(st, at, w) is the current Q-value that is predicted by the main network. argmax

a
Q(st+1, a, w)

indicates the main network selects the next action, and the target network evaluates the
action by Q(st+1, argmax

a
Q(st+1, a, w), w′). Decoupling the action selection and evaluation

can provide a more accurate target for the main network training, which will further reduce
the Q-value prediction error.

In Co-HDRL, first, the meta-controller selects a high-level goal gmeta, which indicates
the sleep control decisions on sub-controllers. gmeta is temporarily fixed in the following
several time slots, and sub-controllers select actions, receive rewards, and train their net-
works accordingly. The transmission power of sub-controllers is sent to the RIS control
block for phase shift optimization. Based on the long-term performance of sub-controllers,
the meta-controller receives an average reward rmeta from the wireless environment and
moves to the next state smeta. The new experience tuple < stmeta, g

t
meta, r

t
meta, s

t+1
meta > will

be sent to the experience pool (shown as the left bottom block in Fig. 8.3). Then the agent
will sample a random mini batch from the experience pool, and train the main network
as equation (8.26). The target network will copy the main network weight after several
training, which guarantees a stable target for the main network training.

In Fig. 8.3, it is worth noting that we define a high-level cross-entropy calculation
module (shown by the blue block on the top), and a low-level action selection cooperation
module (indicated by the red block on the right). In HRL, the meta-controller produces
goals to instruct sub-controllers, and sub-controllers provide reward feedback to the meta-
controller to evaluate the high-level goal. However, although the high-level goal gmeta is
temporarily fixed, the action of sub-controllers can be constantly changing during this
period. Indeed, the sub-controllers’ exploration increases the uncertainty of the reward
feedback to the meta-controller. Therefore, this feedback uncertainty can mislead the goal
evaluation of meta-controller [173, 174]. To this end, we proposed a cross-entropy enabled
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policy for high-level meta-controller, and a correlated equilibrium-based cooperation strat-
egy for low-level sub-controllers. Following, we will introduce two techniques in detail.

8.3.3 High-level Cross-entropy enabled Meta-controller Policy

In this section, we propose a cross-entropy enabled policy for meta-controller. More specif-
ically, we use the cross-entropy as a metric to evaluate the stationarity of sub-controllers’
actions, then the defined metric is used for high-level goal exploration. For example, goals
with high reward feedback but low stationarity may be unreliable, since the low stationar-
ity metric means the sub-controllers are still exploring action combinations. On the other
hand, goals that bring high stationarity can be less visited in the exploration phase, be-
cause the sub-controllers have entered a stable status and it requires less training [175].
Following, we first present the cross-entropy metric definition. We apply this metric to
evaluate the policy changes between the current and previous time slots, which represent
the stationarity of sub-controllers’ policy. Specifically, it shows the distribution difference
between current and historical action selections.

Given a random variable x, and NX is the total number of possible outcomes of x, then
the entropy of x in set X is defined by:

I(X) = −
NX∑
i=1

pr(xi) log(xi), (8.27)

where pr(xi) is the probability of xi in set X, and
∑NX

i=1 pr(xi) = 1. I(X) indicates the
average level of information and uncertainty of variable xi in set X.

Then we introduce the Kullback–Leibler divergence to define the relative entropy from
one distribution X to another distribution Y of variable x [176] :

DKL(X||Y ) =
NX∑
i=1

pr(xi) log
pr(xi)

pr′(xi)
, (8.28)

where pr′(xi) is the probability of xi in set Y . DKL(X||Y ) indicates the difference of set
X and Y in terms of probability distribution of x.

In this work, we consider X as the set of action selection history of sub-controllers, and
Y is the set of actions selected in the current time interval ∆t. Consequently, we can apply
DKL(X||Y ) to measure the stationarity of the low-level action selection policy. The idea
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is that a stationary policy will produce similar action selections in different time intervals,
which is indicated by a lower DKL(X||Y ) value. By contrast, a higher DKL(X||Y ) means
sub-controllers require more training to stabilize the low-level policies.

Proposition 4 : The Kullback–Leibler divergence has the minimum value when pr(xi) =
pr

′
(xi).

Proof 4 : Based on Gibbs’ inequality [177]:

DKL(X||Y ) =
NX∑
i=1

pr(xi) log
pr(xi)

pr′(xi)

= −
NX∑
i=1

pr(xi) log

(
pr

′
(xi)

pr(xi)

)
(Using log(x) < x− 1 for all x > 0)

≥ −
NX∑
i=1

pr(xi)(
pr

′
(xi)

pr(xi)
− 1)

=
NX∑
i=1

pr(xi)−
NX∑
i=1

pr
′
(xi)

= 0.

(8.29)

DKL(X||Y ) = 0 if and only if X and Y has the same distribution pr(xi) = pr
′
(xi).

Moreover, we rewrite equation (8.28) by:

DKL(X||Y ) =
NX∑
i=1

pr(xi) log
pr(xi)

pr′(xi)
(8.30)

=
NX∑
i=1

pr(xi) log(pr(xi))−
NX∑
i=1

pr(xi) log
(
pr

′
(xi)

)
= −I(X)−

NX∑
i=1

pr(xi) log
(
pr

′
(xi)

)
,

where I(X) is the entropy of the action selection distribution history, and Y is the action
selection distribution in the current time interval. The history distribution X is generally
more stable than the current distribution Y . It means

∑NX

i=1 pr(xi) log
(
pr

′
(xi)

)
item con-

tributes more to the uncertainty, which is known as the cross-entropy [178]. In this work,
we use cross entropy to represent the stationarity of the sub-controllers.
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We include multiple sub-controller in this work, and the cross-entropy of bth sub-
controller under high-level goal gmeta is:

I(Xb,t−1, Yb,t|gmeta) = −
Agmeta∑
i=1

pr(ai) log
(
pr

′
(ai)

)
, (8.31)

where Xb,t−1 is the accumulated action selection distribution of sub-controllers in former
t− 1 time slots under high-level goal gmeta, Yb,t−1 is the action selection distribution under
gmeta in current time slot, and Agmeta is the action set of sub-controllers under gmeta.
The cross-entropy metric I(Xb,t−1, Yb,t|gmeta) defines the stationary of sub-controller action
selections under gmeta.

Finally, in the exploration phase, the meta-controller selects high-level goals by:

pr(gmeta|smeta) =
tanh

(

∑
b∈B−M

I(Xb,t−1, Yb,t|gmeta))
∑

gmeta∈G

tanh(
∑

b∈B−M

I(Xb,t−1, Yb,t|gmeta)),

(8.32)
where B−M indicates the set of controllers except the MBS meta-controller. The tanh
indicates the Tanh function, which is applied to normalize all the cross-entropy values.

In summary, equation (8.32) shows that goals that lead to lower stability will be more
frequently selected in the exploration phase, which is indicated by a high cross-entropy
value. It guarantees that sub-controllers can provide reliable and stable feedback to the
meta-controller for goal evaluation. The meta-controllers and sub-controllers are updated
by Fig. 8.4. The meta-controller will first select a goal gtmeta at time t, which is temporarily
fixed in the next NT∆t time slot. Then, sub-controllers select the actions in each ∆t
under current state ssub and high-level goal gtmeta. Finally, the actions and rewards of sub-
controllers from t to t+NT∆t are collected by meta-controllers for cross-entropy calculation
and goal selection as shown by equation (8.32).

8.3.4 Low-level Sub-controllers Cooperation

We propose a correlated equilibrium-based cooperation strategy for low-level sub-controllers.
Correlated equilibrium is proposed as a multi-agent collaboration strategy [179], and we
assume all sub-controllers will share true information with each other. Compared with
existing methods such as Nash equilibrium, the existence and convergence of correlated
equilibrium can be better guaranteed by linear programming solutions. Indeed, coopera-
tive action selections can bring higher stability than independent action selections. With
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Algorithm 8.2 Co-HDRL based joint sleep and power control
1: Initialize: Wireless network and Co-HDRL parameters
2: for every NT∆t, the MBS do
3: Updating the cross-entropy metric under gmeta based on the action selection history of last

NT∆t.
4: Calculating the average EE metric of former NT∆t as high-level reward rmeta by equation

(8.6).
5: Updating new state smeta, and saving (smeta, gmeta, rmeta, s

′
meta) to the experience pool.

6: Sampling a mini-batch from the experience pool randomly. Generating target Q-values

QTar(smeta, gmeta)=

{
rmeta if done

rmeta + γQ(s′meta, argmax
g
Q(s′meta, g, w), w

′) else

7: Updating w using gradient descent by minimizing the loss L(w) = Er(QTar(smeta, gmeta)−
Q(smeta, gmeta, w)).

8: Copying w to w′ after several training.
9: Selecting a high-level goal gmeta of the next NT∆t by following method:

10: with probability ϵ, selecting high-level goal gmeta by equation (8.32); otherwise, choosing
goal gmeta by greedy policy argmax

a
Q(smeta, gmeta, w).

11: end for
12: for every ∆t, active SBSs do
13: Selecting the transmission power level asub by:
14: with probability ϵ, sub-controllers select asub randomly; otherwise, choosing joint action

a⃗sub by correlated equilibrium as equation (8.33).
15: Sending the transmission power to RIS control Algorithm 8.1, then receives the data

transmission rate from Algorithm 8.1, and calculates the low-level reward.
16: Updating new state ssub, and saving (ssub, asub, rsub, s

′
sub) to the experience pool. Each sub-

controller samples a mini-batch from its experience pool, and trains the network similar to
the meta-controller.

17: end for
18: Output: Performance of the network and the learning algorithm.

correlated equilibrium, the SBS sub-controllers choose actions by:

max
asub∈Asub

∑
a⃗sub∈Asub

pr(⃗asub|ssub)Q(ssub, a⃗sub, w) (8.33)

sub.to 0 ≤ pr(⃗asub|ssub) ≤ 1, (8.33a)∑
a⃗∈A

pr(⃗asub|ssub) = 1, (8.33b)∑
a−b∈A−b

pr(⃗asub|ssub)(Q(ssub, a⃗sub, w)−Q(ssub, a⃗−b, ab, w)) ≥ 0, (8.33c)
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Figure 8.4: Co-HDRL system update between meta-controller and sub-controllers.

where pr(⃗asub|ssub) is the probability of selecting action combination a⃗sub = (a1, a2, ..., a|B−M |)
under state ssub, a⃗−b indicates the joint action of all sub-controllers except bth sub-controller,
and w is the main network weight. B−M has been defined in equation (8.32) as the set of
controllers except the MBS meta-controller, A−b is the set of a⃗−b.

Equation (8.33) uses Q-values predicted by the main network to represent the expected
reward. It aims to maximize the total potential reward of all sub-controllers by find-
ing an optimal action selection probability distribution pr(⃗a−b|ssub). Constraints (8.33a)
and (8.33b) are probability distribution constraints. The constraint (8.33c) indicates that
a⃗−b produces higher expected reward with probability pr(⃗a−b|ssub), which is indicated by
pr(⃗asub|ssub)(Q(ssub, a⃗sub, w)−Q(ssub, a⃗−b, ab, w)) ≥ 0.

Finally, the proposed Co-HDRL algorithm is summarized in Algorithm 8.2.

8.3.5 Computational Complexity Analyses

In this section, we analyze the computational complexity of the proposed algorithms. For
the RIS control part, the complexity lies in solving equation (8.20), which is a semidefinite
programming (SDP) problem. SDP can be efficiently solved by many methods such as
the interior point method, first-order method and so on. Based on the model proposed
in [180], the computational complexity is given by O(√ρ(cρ2 + cl + ρl) log

(
1
ζ

)
), where ρ is

the variable size, c is the number of constraints, l is the cost of matrix multiplication, and
ζ is the relative accuracy. For the Co-HDRL part, the computational complexity depends
on neural network training. In this work, we deploy Long short-term memory (LSTM)
networks for the Q-values prediction, which is a special recurrent neural network that can
better capture the long-term dependency of input data. The computational complexity of
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Algorithm 8.3 HDRL-based joint sleep and power control
1: Initialize: Wireless network and HDRL parameters
2: for every NT∆t, the MBS do
3: Calculating the average EE metric of former NT∆t as high-level reward rmeta by equation

(8.6).
4: Updating new state smeta, and saving (smeta, gmeta, rmeta, s

′
meta) to the experience pool.

5: Sampling a mini-batch from the experience pool randomly. Generating target Q-values

QTar(smeta, gmeta)=
{

rmeta if done
rmeta +max γQ(s′meta, gmeta, w

′) else

6: Updating w using gradient descent by minimizing the loss L(w) = Er(QTar(smeta, gmeta)−
Q(smeta, gmeta, w)).

7: Copying w to w′ after several training.
8: With probability ϵ, selecting a high-level goal randomly for the next NT∆t; otherwise,

choosing goal gmeta by greedy policy argmax
a

Q(smeta, gmeta, w).
9: end for

10: for every ∆t, active SBSs do
11: Selecting the transmission power level asub by:
12: with probability ϵ, sub-controllers select asub randomly; otherwise, choosing action asub by

greedy policy.
13: Sending the transmission power to RIS control Algorithm 8.1, then receives the data

transmission rate from Algorithm 8.1, and calculating the low-level reward.
14: Updating new state ssub, and saving (ssub, asub, rsub, s

′
sub) to the experience pool. Each sub-

controller samples a mini-batch from its experience pool, and trains the network similar to
the meta-controller.

15: end for
16: Output: Performance of the network and the learning algorithm.

updating LSTM networks is O(α2χ2), where α indicates the memory block number, and χ
represents the memory cell number of one block [20].

8.4 Baseline Algorithms

8.4.1 Hierarchical Deep Reinforcement Learning

To better demonstrate the capability of our proposed Co-HDRL algorithm, we propose a
conventional hierarchical deep reinforcement learning (HDRL) based method as a bench-
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Algorithm 8.4 Surrogate optimization based RIS phase control
1: Initialize: Wireless channel and surrogate optimization parameters, and BS transmission

powers. Setting iteration number y = 1, and initializing the surrogate model.
2: repeat
3: Obtaining an estimated solution to equation (8.34) by optimizing the surrogate.
4: Evaluating the surrogate model at the estimated solution produced in the last step.
5: Updating the radial basis function-based surrogate model using the new high-fidelity model

data.
6: y = y + 1
7: until Problem (8.34) converges, or the iteration number y reaches the predefined maximum

value.
8: Output: Maximum data transmission rate and optimal RIS phase shifts under given trans-

mission power of BSs.

mark. In HDRL, both meta-controller and sub-controllers apply ϵ-greedy policy for goal
and action selections, respectively, and there is no high-level cross-entropy and low-level
cooperation between agents. The HDRL is given in Algorithm 8.3.

8.4.2 Surrogate Optimization based RIS phase control

This section introduces the surrogate optimization-based RIS phase-shift control as a base-
line algorithm. In practice, the phase shift can only be selected from a set of fixed values,
which mainly depends on the predefined resolution settings of phase shifters. Therefore,
we formalize the RIS control problem to maximize the total transmission rate of all UEs
by:

max
Z

f10(Z) =
∑
k∈K

bk log

(
1 +

Pb|
∑
m∈M

Hb,mΘmG
†
m,k|2∑

b′∈B−b

Pb′ |
∑

m′∈M
Hb′,m′Θm′G†

m′,k|2+N2
0

)
(8.34)

s.t. θ
′

m,n = zm,n
2π

2µ
(8.34a)

zm,n ∈ {0, 1, · · · , (2µ − 1)} (8.34b)

where θ′
m,n has been defined in equation (8.2) as the RIS phase-shift angle. zm,n belongs to

the matrix Z, which will decide the phase shift angle θ′
m,n. Note that the decision variable

zm,n can only be selected from fixed integer values, which means equation (8.34) is a Mixed
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Integer Nonlinear Programming (MINLP) problem, then a surrogate optimization method
is applied to solve this problem.

Different than the FP-based method, the surrogate optimization treats the optimiza-
tion as a black-box problem [181]. It yields a reasonable and accurate approximation for
the original optimization problem by a surrogate model, which avoids the complexity of de-
signing a dedicated optimization solution. The proposed surrogate optimization-based RIS
phase control is summarized in Algorithm 8.4. Note that there are many surrogate models,
and here we choose the radial basis function model for its low computation complexity.

8.5 Performance Evaluation

8.5.1 Simulation Settings

We consider a HetNet that includes 1 MBS and 3 SBSs. The radius of the MBS and SBS
are 400 m and 100 m, respectively. The carrier frequency for the MBS and SBS are both
4 GHz [182]. The load-dependent power consumption factor is 4.7 and 2.6 for MBS and
SBS, respectively [172]. The whole cell includes 20 UEs that are randomly distributed. 6
RISs are uniformly distributed, and each contains 10 elements with 2 bits resolution. For
learning settings, we apply 2 LSTM networks as hidden layers for each controller. The
hyperparameters such as neural network learning rate and training frequency are selected
by the grid search method, which means we try different parameter combinations and find
the best results accordingly. The simulations are repeated 10 runs on MATLAB with 95%
confidence interval, and other settings are summarized in Table 8.1.

8.5.2 Performance Comparison under Sleep Control and RIS

This section investigates the performance under sleep control and RIS techniques. The
proposed FP and Co-HDRL methods are deployed for RIS control and sleep control, re-
spectively. As shown in Fig. 8.5, four cases are considered by combining sleep control with
RIS control.

Fig. 8.5a shows that sleep control can significantly save power consumption by switching
off SBSs intelligently. Combining sleep control with RIS can achieve the lowest energy
consumption. Moreover, Fig. 8.5b demonstrates that RIS can greatly increase the average
throughput, which can be explained by RIS’ capability to reshape the signal transmission
path. Consequently, shown by Fig. 8.5c, sleep control + RIS produces the highest energy
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Table 8.1: Parameters settings of wireless networks, RISs, and learning algorithms

Wireless network settings Traffic model
3GPP urban macro network 20% Poisson distribution

Bandwidth: 20MHz 80% constant bit rate
Number of RBs: 100 Learning and algorithm settings

Subcarriers in each RB: 12 Network layers: 4
Subcarrier bandwidth: 15kHz 2 LSTM network as hidden layers

UE and BSs settings Hidden layer has 10 nodes
1 MBS, 3 SBSs Experience pool size: 600

MBS cell radius: 400m Initial network learning rate: 0.005
SBS cell radius: 100m Minibatch size: 180

MBS max Tx power: 20 W Discount factor: 0.3
SBS max Tx power: 6.3 W Epsilon value: 0.05

20 UE with random distribution Training frequency: 240 iterations
RIS settings Network copy: every 600 iterations

6 RIS deployed in the cell Time resolution difference NT :10
Each RIS includes 10 elements Overloading penalty factor: 0.2

efficiency, no sleep control + no RIS shows the lowest energy efficiency, and the other two
combinations present a comparable performance.

To better explain how RIS can help reduce energy consumption, we compare the daily
SBS on/off status of RIS and no-RIS condition in Fig. 8.5d. The vertical axis is the
probability of turning on SBSs, which indicates the power consumption level during specific
time slots. The blue shade represents the preset traffic load pattern. Fig. 8.5d shows that
most SBSs are switched off during the low-peak period (from 3:00 to 7:00) in both RIS and
no-RIS cases. However, when the traffic load increases to mid-peak and on-peak periods,
no-RIS case has to turn on most SBSs to satisfy the increasing traffic demand; otherwise,
the overloading may lead to a high penalty. By contrast, using RIS can greatly increase
the channel capacity, which means the MBS can still switch off most SBSs to save energy
without causing overloading.

In summary, the simulations in Fig. 8.5 demonstrate that combining sleep control and
RIS can greatly save energy consumption, increase throughput and achieve higher energy
efficiency.
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(a) Power consumption of RIS and no-
RIS cases

(b) Throughput comparison of RIS and
no-RIS cases

(c) Energy efficiency comparison of RIS
and no-RIS cases

(d) Daily SBS on/off status analyses

Figure 8.5: Performance comparison of sleep control and RIS.
8.5.3 RIS Control Strategy Analyses

Consequently, we compare the proposed FP-based RIS control method with the surrogate
optimization strategy.

Firstly, Fig. 8.6a shows the convergence performance of surrogate optimization in one
episode. One can observe that surrogate optimization relies on random and adaptive sam-
ples to find better solutions. The surrogate model is constantly updated in each iteration
to provide a more accurate estimation of the given problem. By contrast, in Fig. 8.6b,
our proposed FP method reaches a much faster convergence. This faster convergence can
be explained by the dedicated designed FP optimization model for RIS control. In the
proposed FP, the alternative optimization method guarantees that the next iteration can
always perform better than the former iterations.

Similarly, we consider the combination of sleep control with different RIS control meth-
ods, and the power consumption, throughput and EE results are given in Fig. 8.6c, (d)
and (e), respectively. Combining FP-based RIS control with sleep control can bring lower
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(a) Convergence performance of surrogate op-
timization based RIS control

(b) Convergence performance of fractional pro-
gramming (FP) based RIS control

(c) Power consumption comparison of different
RIS control methods

(d) Throughput consumption comparison of
different RIS control methods

(e) Energy efficiency comparison of different
RIS control methods

(f) Daily SBS on/off status analyses of differ-
ent RIS control methods

Figure 8.6: Performance comparison of difference RIS control strategies.

power consumption, higher throughput and EE than other cases. The proposed FP method
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(a) Energy efficiency comparison of Co-HDRL
and HDRL

(b) Reward comparison of Co-HDRL and
HDRL

(c) Stationarity comparison of different action
selection strategies

(d) Daily SBS on/off status of Co-HDRL and
HDRL

(e) Daily SBS on/off status of Co-HDRL under
various traffic loads

(f) Average data rate under various RIS ele-
ments numbers and phase shift resolutions

Figure 8.7: Performance analyses of Co-HDRL and HDRL.

can achieve 35% lower power consumption and 16% higher EE when the peak traffic load
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(a) Energy efficiency and power consumption
under various cell radius.

(b) Energy efficiency and SBS active proba-
bility under different SBS numbers.

Figure 8.8: Algorithm performance under various cell sizes and SBS numbers.

is 8 Mbps. Moreover, the SBS on/off status is shown in Fig. 8.6f. It demonstrates that
FP-based RIS control can maintain low power consumption even in peak-load periods (
from 17:00 to 23:00). On the contrary, surrogate-based RIS control has to turn on SBSs
to adapt to the increasing transmission demand to prevent overloading penalty.

8.5.4 Machine Learning Algorithm Comparison

In this section, we compare the proposed Co-HDRL algorithm with conventional HDRL,
which aims to prove that the cooperation strategy can bring better performance. The
EE and reward performance of 200 episodes are given in Fig. 8.7a and (b), in which the
proposed Co-HDRL algorithm achieves a higher EE and reward than the HDRL base-
line. In Co-HDRL, we apply the cross-entropy-based policy for meta-controller to monitor
the stability of sub-controllers, and the correlated equilibrium is deployed for joint ac-
tion selection of sub-controllers. These cooperation methods enable higher stability for
sub-controller action selection and training, which brings better performance than conven-
tional HDRL. In Fig. 8.7c, we further present the stationarity of various low-level action
selection strategies. The proposed multi-agent correlated equilibrium enables a more stable
action selection than independent action selection that is applied in HDRL, which is indi-
cated by a lower stationarity metric. Meanwhile, Fig. 8.7c demonstrates that correlated
equilibrium can reach a stable state much faster than the independent action selection
method.

Meanwhile, the satisfactory performance of Co-HDRL can also be observed in Fig.
8.7d, in which the Co-HDRL switches on/off SBSs dynamically during on-peak and off-peak
periods. By contrast, HDRL produces the same sleep control decision regardless of different
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traffic load conditions ( traffic patterns shown by the light blue shade). Moreover, the Co-
HDRL performance from 4 to 10 Mbps is presented in Fig. 8.7e, in which the proposed
Co-HDRL make decisions intelligently under various traffic load level. For example, when
the traffic load level reaches 10 Mbps, the meta-controller turns on most SBSs to serve the
high transmission demand. On the other hand, when the traffic load is 4 Mbps, most SBSs
are switched off to reduce power consumption.

We show the average data rate under various RIS element numbers and phase shift
resolutions in Fig. 8.7f. It demonstrates that increasing the number of RIS elements can
improve the system data rate. Meanwhile, higher phase shift resolutions can achieve a
higher data rate, because the phase can be more accurately shifted.

8.5.5 Performance under various cell sizes and SBS numbers.

Finally, this subsection investigates the algorithm performance with different cell sizes
and numbers of SBSs. Specifically, Fig. 8.8a shows that increasing cell size will lower
EE and increase power consumption, which can be explained by lower SINR due to a
larger cell radius. Meanwhile, the EE in Fig. 8.8b increases first and then decreases. In
the increasing phase, the MBS has enough channel capacity to support the UEs that are
previously associated with the SBSs in sleep mode. However, when the number of SBSs
keeps increasing, the probability of turning on SBSs increases as illustrated in Fig. 8.8b.
The main reason is that MBS cannot serve all the UEs when SBSs enter sleep mode,
and some SBSs must keep active to fulfill the traffic demand. Consequently, the energy
efficiency becomes lower with the increasing number of SBSs.
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Chapter 9

Conclusion

ML offers promising opportunities for improving the performance of highly-dynamic large-
scale systems such as smart MG and 5G RAN. In this thesis, we have developed multiple
state-of-the-art ML algorithms for various applications in energy management and trad-
ing, 5G resource allocation, network slicing, HetNet, etc. The proposed algorithms can
overcome environmental uncertainties, and the simulations demonstrate the capabilities
of ML techniques to reduce system cost, enhance operation efficiency, and improve key
performance indicators. In the following, we summarize the main findings in detail.

9.1 Multi-agent CEQ for Decentralized MG Energy Man-
agement

We propose a multi-agent CEQ algorithm for MG energy management. The simulations
show that CEQ can successfully coordinate the operation of multiple agents. Compared
with the Q-learning without correlation, we find that the proposed correlated Q-learning
scheme could save at most 19.3% cost for the DSM agent, and earn at most 44.2% more
benefit for the ESS agent. In addition, CEQ maintains the same total benefit for the agents
compared with the centralized approach.
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9.2 Multi-agent BA-DRL for Microgrid Energy Man-
agement under Communication Failures

MG energy management, i.e., the CEQ algorithm proposed in Chapter 3, is vulnerable to
communication failures, which may degrade the MG system performance. To this end, in
Chapter 4, we proposed a BA-DRL algorithm for MG energy management under imperfect
communications, where a multi-agent POMDP is defined, and the Bayesian method is
applied for action estimation and belief update. The proposed method is compared with
Nash-DQN and ADMM, and a higher profit for PV and ESS agents as well as a lower cost
for the DSM agent are observed under different communication failure probabilities.

9.3 Multi-agent CEQ for 5G RAN Slicing

5G and beyond 5G networks will serve heterogeneous users of multiple slices, which calls for
novel schemes of network slicing and resource allocation. ML techniques provide promising
alternatives to the existing schemes. Chapter 5 proposed a RAN slicing-based resource al-
location method for 5G, namely COQRA, to allocate radio resources to eMBB and URLLC
slices. The proposed algorithm is compared with the Nash Q-learning,LRTQ method and
PPF algorithm. Simulation results show that the proposed COQRA scheme achieves the
best overall performance.

9.4 TRL-based Radio and Computation Resource Allo-
cation in 5G RAN Slicing

Compared with single radio resource allocation in Chapter 5, the evolving network architec-
ture requires more efficient solutions for joint resource allocation. Although RL techniques
are widely used to improve network performance, they suffer from a long convergence time
and lack of generalization. Therefore, Chapter 6 proposed a KTRA method for joint radio
and computation resource allocation. Compared with existing works, the main difference
is that the proposed KTRA algorithm has a knowledge transfer capability. The KTRA
method is compared with Q-learning-based resource allocation, and KTRA presents an
18.4% lower URLLC delay, 30.1% higher eMBB throughput, and faster convergence.
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9.5 DTRL-based Joint Radio and Cache Resource Allo-
cation in 5G RAN Slicing

The proposed KTRA algorithm in Chapter 6 is limited in tabular-based learning, and we
further explore the knowledge transfer for DRL. Chapter 7 introduces two novel DTRL-
based solutions for the joint radio and cache resource allocation, namely ADTRL and
QDTRL. They can utilize the former experience of experts to improve the exploration
efficiency on target tasks. The proposed algorithms have been compared with two baseline
algorithms via simulations. The results show that the proposed methods achieve better
network performance and faster convergence speeds than these other benchmarks.

9.6 Co-HDRL based Joint Sleep, Power, and RIS Con-
trol for Energy-Efficient HetNet

RISs are considered to be a promising technique for envisioned 6G networks. Chapter 8
proposed a Co-HDRL algorithm for RIS-assisted energy efficient RAN, including a cross-
entropy enabled policy for the meta-controller and cooperative action selections for sub-
controllers. Besides, an FP-based RIS control strategy is introduced for phase-shift de-
sign. The proposed architecture enables joint sleep, power, and RIS control with different
timescales, increasing the flexibility for RAN management. This is particularly important
for 6G and O-RAN where intelligence will be more abundant and control will span sev-
eral time scales. The proposed method is compared with conventional hierarchical deep
reinforcement learning and surrogate optimization-based RIS control, and the simulations
show that the proposed algorithms achieve better energy efficiency.

9.7 Challenges and Open Issues

Machine learning has achieved great success in many fields. It is believed that newly-
emerged machine learning techniques, such as federated learning and graph learning, will
further contribute to the evolution of the smart grid and intelligent wireless communica-
tions. However, there are still some challenges and open issues for research efforts.

1) Hyperparameter selection and tuning
Hyperparameter selection and tuning are one of the most critical issues of machine learn-
ing techniques, which are closely related to algorithm design and training. For instance,
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in DQN, the network learning rate, training frequency, and experience pool size require
sophisticated design and tuning. The difficulty of selecting these hyperparameters may
prevent applying advanced machine learning algorithms to smart grid and wireless com-
munications. The grid search method is widely used for hyperparameter tuning, but it
relies on the researcher’s experience and lacks generalization capabilities. The bayesian
method is considered a more advanced approach for hyperparameter tuning, which applies
Bayesian rules to update the next candidate model, but the complexity can be an issue.

2) Standardization of machine learning algorithm applications
There have been many existing studies that apply various ML techniques to smart grid
and wireless communications. However, these studies are mostly simulation-based, and a
true gap exists between simulations and real applications. Standardization is important to
fill this gap and advance real-environment applications. For example, the O-RAN alliance
defined an intelligent radio controller for RAN, and 3GPP introduced the network data
analytics function to incorporate intelligence into resource management. However, these
schemes are limited to system levels, and no algorithm-level details are involved.

3) User intelligence in future wireless communications
In most existing studies, user devices act passively to receive the control command from
network operators. Such centralized management can be efficient, but it neglects the spe-
cific demand of various user devices. By contrast, user intelligence indicates that user
devices can propose heterogeneous service requirements to the network operator. On the
one hand, this user-centric management architecture can greatly improve the user expe-
rience by providing highly user-customized services. Each user device can intelligently
require a specific service level based on its unique demand. On the other hand, user in-
telligence relies on computational resources to implement machine learning algorithms for
decision-making. Unfortunately, the limited computational capability of end users’ devices
may prevent deploying advanced machine learning algorithms.

4) Knowledge transfer for machine learning algorithms
Knowledge transfer is considered an alternative approach to ease the algorithm training
efforts. It utilizes the existing well-trained algorithms’ knowledge to achieve a jump-start
in target algorithm training. Consequently, transfer learning can significantly reduce the
algorithm training samples by reusing prior knowledge. For instance, one microgrid can
learn the energy trading knowledge of another microgrid to shorten the exploration period,
and one base station can extract the knowledge of other base stations to adapt to the
dynamic wireless environment. However, existing knowledge cannot be directly applied to
target algorithms due to task differences, and mapping functions become the most critical
part of transfer learning. We proposed multiple manually defined mapping functions, but
a unified knowledge mapping architecture is still an open challenge.
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Appendix A

Mathematical Proofs

A.1 Proof of LSTM network complexity

The computational complexity of BA-DRL is dominated by the LSTM complexity. Based
on the LSTM architecture defined in [183], let M , C, I and K represent the numbers of
memory blocks, memory cells in each block, input nodes, and output nodes, respectively.
The computational complexity per iteration is given by:

O(TLSTM) = O(Tr + Ti + To)

= Or((M(C + 2C + 1))(M(C + 2)) +M(2C + 1))

+Oi((MC + 1)K) +Oo((M(C + 2C + 1)I)

= Or(3M
2C2 + 7M2C + 2M2 + 2MC +M)

+Oi(MCK +K) +Oo(3MCI +MI)

= Or(3M
2C2) +Oi(MCK) +Oo(3MCI)

= O((MC)2),

where Tr denotes the run time for recurrent connections and bias. Ti and To denote the
updating time of input and output nodes, respectively.
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A.2 Proof of cache hit ratio

In the following we prove equation (10). Recalling equation (7.6) and (7.7)

hj,n,g =
∑

m∈Mj,n

ϕj,n,m,gTj,n,m,g,

∑
g∈Gn

∑
m∈Mn

hj,n,m,g =
Cj,n
Cj,T

.

Then we have
hj,n,g

∑
g∈Gn

∑
m∈Mn

hj,n,m,g =
Cj,n
Cj,T

∑
m∈Mj,n

ϕj,n,m,gTj,n,m,g,

which can be easily transformed to

hj,n,g =
Cj,n
Cj,T

∑
m∈Mj,n

ϕj,n,m,gTj,n,m,g∑
g∈Gn

∑
m∈Mn

hj,n,m,g

=
Cj,n
Cj,T

Tj,n,g

∑
m∈Mj,n

ϕj,n,m,g∑
g∈Gn

∑
m∈Mn

hj,n,m,g

(using Tj,n,m,g = Tj,n,g assumption)

=
Cj,n
Cj,T

Tj,n,g

∑
m∈Mj,n

ϕj,n,m,g∑
g∈Gn

∑
m∈Mn

ϕj,n,m,gTj,n,m,g

(using hj,n,m,g = ϕj,n,m,gTj,n,m,g)

=
Cj,n
Cj,T

∑
m∈Mj,n

ϕj,n,m,g∑
g∈Gn

∑
m∈Mn

ϕj,n,m,g

=
Cj,n
Cj,T

∑
m∈Mj,n

ϕj,n,m,g∑
m∈Mn

ϕj,n,m
,

which is the equation (7.8).
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A.3 Proof of Proposition 1

In equation (8.9), when ψk is fixed, note that f2 is a differentiable concave function for β

with ∂2f2
∂β2 < 0. Then we have:

∂f2(Θm,β)

∂βk
=

∂

(
bk log(1 + βk)− bkβk +

bk(1+βk)ψk

1+ψk

)
∂βk

=
bk

1 + βk
− bk +

bkψk
1 + ψk

= bk(
ψk

1 + ψk
− βk

1 + βk
)

= bk
ψk − βk

(1 + ψk)(1 + βk)

Setting ∂f2
∂βk

and obviously β∗
k = ψk, where β∗

k is the optimal βk. Substituting β∗
k back to

equation (8.9) will recover (8.8). As such, the optimal values of these two equations are
equivalent.

A.4 Proof of Proposition 2

In equation (8.12), for ease of notations, we use Ak to represent
√
bk(1 + βk)(Θ̂Vb,k), and

Bk to represent
∑
b′∈B

|Θ̂Vb′,k|2+N2
0 . Then, we can rewrite equation (8.13) as 2Re{η†kAk} −

η†kBkηk, which can be reformulated by η†kAk + A†
kηk − η†kBkηk. Then we rewrite it as

A†
kB

−1
k Ak−(η†k−B

−1
k A†

k)Bk(ηk−B−1
k Ak). It is obvious that the optimal value is η∗k = B−1

k Ak
which means:

η∗k =

√
bk(1 + βk)Θ̂Vb,k∑

b′∈B
|Θ̂Vb′,k|2+N2

0

.

Then substituting η∗k back to equation (8.13) will get the optimal value as
∑

k∈K
bk(1+βk)|Θ̂Vb,k|2∑
b′∈B

|Θ̂Vb′,k|2+N2
0

,

which is exactly the objective of equation (8.12). As such, the equivalence is demonstrated.
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