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Abstract

Fifth-Generation (5G) and sixth-Generation (6G) are new global wireless standards
providing everyone and everything, machines, objects, and devices, with massive network
capacity. The technological advances in wireless communication enable 5G and 6G net-
works to support resource and computation-hungry services such as smart agriculture and
smart city applications. Among these advances are two state-of-the-art technologies: Car-
rier Aggregation (CA) and Multi Access Edge Computing (MEC).

CA unlocks new sources of spectrum in both the mid-band and high-band radio frequen-
cies. It provides the unique capability of aggregating several frequency bands for higher
peak rates, and increases cell coverage. The latter is obtained by activating the Compo-
nent Carriers (CC) in low-band and mid-band frequency (below 7 GHz) while 5G high-band
(above 24GHz) delivers unprecedented peak rates with poorer Uplink (UL) coverage.

MEC provides computing and storage resources with sufficient connectivity close to end
users. These execution resources are typically within/at the boundary of access networks
providing support for application use cases such as Augmented Reality (AR)/Virtual Re-
ality (VR). The key technology in MEC is task offloading, which enables a user to offload
a resource-hungry application to the MEC hosts to reduce the cost (in terms of energy and
latency) of processing the application.

This thesis focuses on using CA and task offloading in 5G and 6G wireless networks.
These advanced infrastructures are an enabler for many broader use cases, e.g., autonomous
driving and Internet of Things (IoT) applications. However, the pertinent problems are the
high-dimensional ones with combinatorial characteristics. Furthermore, the time-varying
features of the 5G/6G wireless networks, such as the stochastic nature of the wireless chan-
nel, should be concurrently met. The above challenges can be tackled by using data-driven
techniques and Machine Learning (ML) algorithms to derive intelligent and autonomous
resource management techniques in the 5G/6G wireless networks. The resource manage-
ment problems in these networks are sequential decision-making problems, additionally
with conflicting objectives. Therefore, among the ML algorithms, the ones based on the
Reinforcement Learning (RL), constitute a promising tool to make a trade-off between
the conflicting objectives of the resource management problems in the 5G/6G wireless
networks, are used.

This research considers the objective of maximizing the achievable rate and minimiz-
ing the users’ transmit power levels in the MEC-enabled network. Additionally, we try
to simultaneously maximize the network capacity and improve the network coverage by
activating/deactivating the CCs. Compared with the derived schemes in the literature,
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our contributions are two folded: deriving distributed resource management schemes in
5G/6G wireless networks to efficiently manage the limited spectrum resources and meet
the diverse requirements of some resource-hungry applications, and developing intelligent
and energy-aware algorithms to improve the performance in terms of energy consumption,
delay, and achievable rate.
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Chapter 1

Introduction

1.1 Emerging Technologies in Wireless Communications

In 5G and 6G wireless networks, applications with various services, ranging from the
Enhanced Mobile Broadband (eMBB) applications to the Ultra Reliable and Low Latency
Communications (URLLC), are being supported. To fulfill a variety of Quality of Service
(QoS) requirements and the immense computational needs for these applications, modern
wireless technologies, MEC, CA and Dual Connectivity (DC), have recently been employed
in the wireless networks.

MEC is a network architecture that enables cloud computing capabilities and an IT ser-
vice environment at the edge of the mobile network. MEC is designed to bring computing,
storage, and networking resources closer to the end-users or devices, reducing the latency
and improving the quality of service. MEC enables the deployment of applications and
services at the edge of the network, closer to the users and devices, which can significantly
reduce the network latency and improve the user experience. The architecture allows for
computing and storage resources to be dynamically allocated and scaled according to the
user’s needs, providing a flexible and efficient IT service environment. In MEC, mobile
devices can offload the computation-intensive tasks to a nearby MEC server and augment
their computing capability [1–4]. The MEC server or servers can be set up in an office, on
a vehicle, in a base station cabinet, or another set of devices in MEC-enabled networks.
MEC servers are accessed through a wireless network considering that lightweight mobile
devices are the users that need the MEC capability. There are two possible offloading
approaches; partial or binary offloading. In the former, the computation task is divided
into two parts, executed locally on the mobile device and offloaded to the MEC server.
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Meanwhile, in the latter, binary offloading, the whole task is performed either locally at
the device or completely offloaded to a MEC server [1, 4–7].

On the other hand, CA is a technique used in wireless communication systems to
increase the available bandwidth and improve network performance. It allows for the ag-
gregation of multiple CCs in the same or different frequency bands, which can be used for
data transmission. By combining multiple carriers, the overall bandwidth can be increased,
allowing for higher data rates and better user experience. CA is used in various wireless
communication systems, including LTE and 5G mobile networks. In LTE, CA was intro-
duced with the LTE-Advanced (LTE-A) release, and it enables the aggregation of up to
five component carriers in the same or different frequency bands. In the wireless networks
with CA technology, the UE would achieve higher throughput and lower transmission de-
lay [8–10]. While, DC, or generally called Multiple Connectivity (MC), allows operators to
simultaneously provide LTE and 5G connectivity in the same spectrum. CCs can be acti-
vated and deactivated in CA depending on multiple factors, e.g., users’ energy consumption
and QoS demand. Additionally, the UEs are configured to access more CCs depending on
their QoS requirements, traffic load, and channel quality [8, 10]. To increase the coverage
area, system throughput, load balancing and mobility robustness, the UEs can enormously
benefit from employing joint CA and DC technologies in wireless networks [9, 11].

1.2 Application of AI in the Resource Management of
the Next-generation Wireless Networks

With the emerging technologies in communication, the resource management problem in
the next generation wireless networks are combinatorial. Additionally, the next-generation
wireless networks have multi-dimensional, and dynamic characteristics. Considering the
features above, the resource management optimization problem can be stated as follows,

Optimize Long-term reward (cost) for each UE (1.1a)
s.t. QoS requirement for each UE (1.1b)

Resource constraint (1.1c)
var. Decision-making indicators and resource variables. (1.1d)

In (1.1), the objective function in (1.1a), the constraints in (1.1b) and (1.1c), and the opti-
mizing variables would be characterized based on the network infrastructure. Additionally,
in a time-varying environment such as 5G/6G networks, employing the existing traditional
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Figure 1.1: Advent of new technologies and applications in the next-generation wireless
networks and deployment of AI to handle the resource management problem.

approaches to address (1.1) will jeopardize scalability and flexibility. For instance, game
theory approaches (e.g., in [12–15]) and optimization methods (e.g., in [4–7,16–30]) require
complete information, which, in most cases, would not be available in 5G/6G wireless net-
works. Therefore, promising emerging AI techniques as in [31–53] have been recently
used to overcome some of these challenges. Fig. 1.1 illustrates that by the advent of
new technologies and leveraging Artificial Intelligence (AI), rate and computation-hungry
applications can be supported in the next-generation wireless networks.

This thesis endeavors to investigate radio resource management in the 5G/6G wireless
networks by employing the MEC, CA and DC as the emerging technologies in wireless
communications1. In MEC-assisted networks, UEs can offload the resource-hungry ap-

1Based on the title of this study, the resource management schemes are proposed in 5G/6G wireless
networks because, while the specific details of channel models for 5G and 6G may differ from previous
generations of wireless communication, it is likely that some general characteristics will remain the same.
For example, in all wireless communication systems, signals can be subject to attenuation, interference,
and other types of distortion as they travel through the wireless channel. This can be influenced by factors
such as distance, the presence of obstacles or other signals, and atmospheric conditions. Additionally,
it is likely that certain types of channel models, such as those based on statistical models or physical
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plications/tasks to the MEC hosts and take advantage of the computation and storage
resources of the servers. These cutting-edge technologies eventually reduce the processing
cost of the application/tasks in terms of energy and latency. On the other hand, CA and
DC technologies can provide the UEs with improved coverage area, system throughput,
load balancing and mobility robustness. Based on already mentioned infrastructures, the
contributions, formal statement of the resource allocation problem (1.1) and the proposed
RL-based schemes, are given in what follows.

1.3 Contributions

The next-generation wireless networks with advanced infrastructures, e.g., MEC, CA and
DC, have multi-dimensional and dynamic characteristics which have become increasingly
difficult to model. In this thesis, distributed algorithms are used for resource allocation in
5G/6G wireless networks with MEC, CA and DC technologies to efficiently manage the
limited spectrum resources and meet the diverse requirements of resource-hungry appli-
cations. In this study, the main contributions correspond to the ways in which we apply
distributed algorithms. They can be stated as follows,

• Decentralized resource allocation: distributed algorithms can be used to allocate
resources based on the local information available at each node without the need for
centralized coordination. We model the resource allocation problems as stochastic
games which can be expressed as Markov Decision Process (MDP)s. MDP is a
mathematical framework used for decision-making in situations where outcomes are
partly random and partly under the control of a decision-maker. Specifically, the
state spaces, action spaces, transition probabilities, and reward functions are defined
for the MDPs.

• Intelligent resource allocation: to meet the time-varying features of the 5G/6G wire-
less networks in real-time, we resort to data-driven techniques and ML algorithms
to deal with resource management. Since the resource management problems in the
current and next-generation wireless networks are sequential decision-making prob-
lems, we focus on using RL methods which were studied in [32, 54–57]. Model-free
RL2 is employed to provide an effective approach to solving MDPs without explicitly

propagation models, will continue to be used in 5G and 6G.
2In RL, the agent finds optimal actions to maximize its long-term reward using model-free or model-

based methods. In model-based RL methods, the agent knows the system dynamics, i.e., how the system
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modeling the transition probabilities. These algorithms can learn from experience
and converge to the (near) optimal policy.

• Energy-aware resource allocation: energy consumption is a critical factor in 5G/6G
wireless networks, as it can significantly impact the battery life of connected devices.
Distributed algorithms are developed to allocate resources in an energy-aware man-
ner by minimizing the energy consumption of the users while meeting the desired
performance requirements.

The effectiveness and performance of the RL-based schemes (e.g., achievable rate and delay)
are studied and compared to the optimization and game theory methods. The following
section presents our contributions of RL usage in dealing with radio resource management
problems in wireless networks.

1.3.1 Learning at Edge

With MEC, mobile devices can offload their computationally heavy tasks to a nearby server,
a simple node at a base station, a vehicle, or other devices. With the increasing number
of devices, slices and multiple radio access technologies, the problem of task offloading has
grown to be increasingly complex. Thus, traditional approaches endure limitations while
machine learning algorithms have unfolded to be promising methods indeed.

In [1], [2] and [3], we have used optimization problem (1.1) and formulated the problem
of joint offloading and resource allocation in MEC-enabled networks as a multi-objective
optimization problem given by,

Optimize Long-term reward (cost) for each agent ∀m ∈M,

s.t. Target rate requirement for each agent ∀m ∈M,

Constraint of transmit power level and the CPU frequency
var. Offloading indicators, transmit power level,

and the CPU frequency,
(1.2)

whereM is the set of UEs.

transits from one state to another and how rewards are generated. This approach is not always feasible,
especially in complex systems where the agent has limited knowledge about its environment. So, we employ
model-free techniques where an agent learns optimal strategies without any knowledge about the system.
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In the above optimization problem, the agents set out to maximize their long-term
reward concurrently; therefore, (1.2) is a multi-objective optimization problem. In 5G en-
vironment, the problem (1.2) can be equivalently expressed as a multi-agent model-free RL
system. In [1], for a given UE, the long-term reward is the weighted sum of the immediate
reward which is given as the difference between the number of computed bits and the en-
ergy consumption of the UE. This corresponds to the computation efficiency of the UE. By
considering both binary offloading and partial offloading schemes, the optimizing variables
are: UL transmit power level of the UEs, the CPU frequency, and offloading scheme deci-
sion. The problem is time-dependent and non-convex with combinatorial characteristics.
Therefore, it is hard to solve in polynomial time. To solve this problem, as meticulously
presented in Chapter 3.2, the multi-agent Deep Reinforcement Learning (DRL) is used.
We employ double Deep Q-Network (DDQN) [58] and propose a multi-agent DDQN-based
scheme. DDQN is chosen to mitigate over-optimistic estimation of the Q-value function
by using different values to select and evaluate an action. In [2], the objective is to make a
trade-off between the energy consumption and delay to perform a Service Function Chains
(SFC) request. The DDQN algorithm is used to partially offload a chain of services. Each
Virtual Network Functions (VNF) of the SFC request can be performed locally or offloaded
onto a MEC server. The details are given in Chapter 3.3. The problem of task-dependent
offloading is studied in [3]. In an Unmanned Aerial Vehicles (UAV) and MEC-assisted
smart farm, each UAV tries to perform a complex application comprising some interdepen-
dent tasks. So, we seek to simultaneously minimize the Energy-Time-Cost (ETC) for each
UAV while considering the topology of the UAV applications and their energy budget. The
problem is modeled as a multi-agent RL system with compound action space. As explained
in Chapter 3.4, we make use of the combination of DRL and Graph Convolutional Network
(GCN) to obtain the (near) optimal policy to offload a task and (near) optimal strategy
to adjust the UAV transmit power levels.

1.3.2 Intelligent Delay-Aware and Energy-Efficient Carrier Aggre-
gation

As one of the critical technologies in 5G networks, CA is studied in [8] and [9]3. In CA,
CCs can be activated and deactivated depending on multiple factors, e.g., the energy
consumption of the UEs and the Quality of Service (QoS) demanded by them. By using

3CA can be applied for both UL and Downlink (DL) schemes. The constraint corresponding to transmit
power level in the UL scheme should be considered. The derived scheme in [8] addresses the problem of
CA in the DL scheme. In [9], the problem of joint UL power sharing and CA is tackled.
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(1.1), the problem is formally expressed as,

Min Average delay (1.3a)
Min Average consumed power (1.3b)
s.t. Number of active CCs ∀m ∈M, (1.3c)

QoS requirement ∀m ∈M, (1.3d)
var. CC and resource assignment indicators, (1.3e)

In [8], just as discussed explicitly in Chapter 4.2, we not only develop a semi-distributed
solution by modeling the problem into a stochastic game [59] but also propose a multi-agent
DDQN-based CC management algorithm to solve the game.

CA and DC concurrently transmitting to two different Base Stations (BSs) in the same
spectrum are considered in [9]. In the wireless networks with DC and CA, the performance
of the network can be boosted by dynamically adjusting the UL transmit power level for the
UEs to the BSs and properly activating/deactivating the CCs. In [9], we study the problem
of joint dynamic power-sharing4 and CC management in the networks with DC and CA.
The objective is to minimize the UEs’ delay and power consumption simultaneously. The
pertinent problem is formally expressed as a multi-objective optimization problem with
both discrete and continuous variables making it hard to solve. To tackle the problem, we
employ the Compound-Action Actor-Critic (CA2C) algorithm in [60] to find the optimal
policy and jointly perform UL power control and CC management. The details are provided
in Chapter 4.3.

1.3.3 Deep Reinforcement Learning for Decision Making

In the next generation wireless networks, ML can be used to optimize the allocation of radio
resources, including frequency bands and power levels, based on the network conditions
and traffic demand. This can lead to better spectrum utilization and increased capacity,
which can improve the user experience and reduce the overall cost of the network.

Recently, Deep Neural Network (DNN)s have been adopted to approximate the optimal
solution for complex problems in the wireless networks in three settings: supervised ML,
unsupervised ML and RL. Supervised ML showed promising results in several wireless

4In an Non-Standalone (NSA) 5G network, the UL power sharing process typically involves coordinating
between the UL transmit power levels for the user to the 4G LTE network and the 5G New Radio (NR)
network so as to ensure efficient use of network resources. This coordination is necessary because the user
device may need to use both networks simultaneously to establish a connection.
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problems. However, a large amount of prior labeled training and testing data should be
available which is not easy to secure in real-life scenarios.

On the other hand, RL can be used to optimize the performance of the network by
enabling the agent to learn from experience and make decisions that maximize a reward
function. Some reasons why RL is used in wireless communications can be expressed as
follows,

• Dynamic environment: wireless communication networks are highly dynamic and
complex, with many variables that can affect performance, such as time-varying
channels. RL can adapt to these changing conditions and optimize performance in
real-time.

• Optimization of complex systems: RL can be used to optimize complex systems
that have many interacting components. It can find optimal solutions by considering
the interactions between the components, which can be difficult to achieve using
traditional optimization methods. Hence, RL can be used to optimize the allocation
of network resources, such as power, bandwidth, and frequency channels. It can learn
to allocate resources based on the current network conditions and traffic demand,
which can improve the overall network performance.

• Self-learning: RL can enable the network to learn from experience and adapt to
changing conditions over time. This can lead to more efficient and effective network
operations and maintenance.

However, 5G/6G wireless communication networks are becoming increasingly complex,
with many variables. In recent years, DRL has gained a lot of attention due to its ability
to solve complex optimization problems and achieve better performance compared to tra-
ditional RL methods. The reasons why DRL is effective in solving complex optimization
problems in the next generation wireless networks can be stated as follows,

• Complex decision-making: DRL can handle complex decision-making problems by
using DNNs to approximate the optimal decision-making policies and Q-value func-
tion.

• Large state and action spaces: RL methods can struggle when dealing with large state
and action spaces, which are common in 5G/6G wireless communications. DRL can
use DNNs to approximate the value or policy functions for large state and action
spaces, making it more effective in optimizing the network performance.
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• Better learning and generalization: DRL can learn more quickly and generalize better
than RL because it can extract more meaningful features from the raw data using
deep neural networks. This can lead to better performance in complex and dynamic
environments such as 5G/6G wireless networks.

• Data efficiency: DRL can be more data-efficient than RL because it can extract more
information from the data by using DNNs. This can reduce the amount of training
data required and lead to faster convergence to optimal solutions.

It is noteworthy that the training phase of DNNs requires a considerable amount of com-
putation power which would entail the use of GPUs and high-performance CPU clusters.

1.4 Conclusion

In this thesis, multi-agent DRL is used to address the formulated resource management
problems (1.2) and (1.3). These problems are high-dimensional with combinatorial char-
acteristics. Additionally, 5G and 6G wireless networks have dynamic features yet com-
plete knowledge about the networks is not necessarily available, making them increasingly
difficult to model. We address the challenges of applying RL to handle radio resource
management in the MEC-assisted wireless networks and the networks with CA and DC
technologies, such as the design of state space, action space, reward function and the com-
pound action space. To solve the RL system with discrete action and state spaces, the
DDQN algorithm is used. DDQN is a well-known algorithm developed in [58] to solve
the RL systems with discrete action and state spaces. Some of the benefits of the DDQN
algorithm can be given in terms of reduced overestimation bias, improved stability, faster
convergence, and increased performance [58]. In the RL system with compound action
space composed of both discrete and continuous actions, the CA2C is used. The CA2C
algorithm is an actor-critic DRL algorithm that is developed by the authors in [60] to ad-
dress the RL systems with compound action space. The benefits of CA2C algorithm can be
enumerated as improved learning efficiency, enhanced exploration, improved performance,
and generalization [60]. The outcomes of this thesis are:
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Chapter 2

Background and Literature Review

2.1 Background

2.1.1 Reinforcement Learning

RL is an area of ML where an intelligent agent learns how to map situations to actions in
order to maximize its long-term reward, the weighted sum of its immediate reward. At a
given time, the immediate reward for the agent is a numerical signal, and the agent tries
different actions to discover which yields the most immediate reward. These actions would
affect the following situations and all subsequent immediate rewards. The characteristics
above are the two most essential features of RL: trial-and-error search and delayed reward
[61].

Using the dynamical system theory idea, the problem of RL can be formally expressed
as an incompletely-known MDP. Specifically, interacting over time with its environment,
the agent senses the state of the environment and takes action affecting the state. The
agent has a goal related to the state and action. A well-suited RL method uses dynamic
programming techniques to solve an RL problem.

Based on what was discussed above, RL is different from supervised and unsupervised
learning. Since RL is an interactive problem, it is often impractical to obtain examples
of desired behavior that are both correct and representative of all the situations in which
the agent has to act. Thus, an agent must be able to learn from its own experience.
Furthermore, in RL, although it would be worthwhile to uncover the structure in an agent’s
experience, this would not tackle the RL problem of maximizing a reward signal by itself.
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Figure 2.1: Interaction between the agent and the environment in RL.

Accordingly, the authors in [61] have considered the RL as a third ML paradigm alongside
supervised and unsupervised learning.

MDPs can be used to model the learning problems interacting with the environment
to achieve a goal, e.g., RL problems. The decision maker is called the agent that interacts
with the environment. Fig. 2.1 illustrates the interaction between the agent and the envi-
ronment. Given S and A as the state space and action space, respectively, in a sequence
of discrete time steps t = 1, 2, 3, . . ., at each time step t, based on the representation from
the environment’s old state, i.e., St ∈ S, the agent selects an action At ∈ A. In one time
step later, t+1, as a consequence of action At, the agent receives a numerical reward Rt+1,
and the environment presents a new state St+1 to the agent with the transition probability
of p(s′ | s, a) = Pr{St+1 = s′ | St = s, At = a}. This rises to the following sequence or
trajectory given by,

S0, A0, R1, S1, A1, R2, S2, A2, R3, . . . (2.1)

In an RL system, the discounted cumulative reward (long-term reward) for an agent is
defined as,

Gt = Rt+1 + λRt+2 + λ2Rt+3 + . . . =
∞∑
k=0

λkRt+k+1 (2.2)

where λ is a parameter called discount factor, and λ ∈ [0, 1]. Additionally, a policy is
defined as a mapping from states to probabilities of selecting each possible action. That
is, at a given time t and state St = s, when the agent is following policy π, π(a | s) is
the probability that At = a. Under a policy π and a given state s, the value function is
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denoted by vπ(s) and formally stated by [61],

vπ(s) = Eπ[Gt | St = s] = Eπ

[ ∞∑
k=0

λkRt+k+1

∣∣∣ St = s
]
, ∀s ∈ S (2.3)

where Eπ[.] is the expected value for a random variable when the agent follows policy π.
The value function is the expected return when starting in s and following π thereafter.
To estimate how good it is for an agent to adopt an action a in a given state s under policy
π, the action-value function qπ(s, a) is formally defined as,

qπ(s, a) = Eπ[Gt | St = s, At = a] = Eπ

[ ∞∑
k=0

λkRt+k+1

∣∣∣ St = s, At = a
]
, ∀s ∈ S, ∀a ∈ A

(2.4)

To solve an RL system, the optimal policy, a policy that maximizes the long-term
reward for the agent, should be discovered. In other words, π∗ is the optimal policy if
and only if vπ∗(s) ≥ vπ(s) for any given policy π and for all s ∈ S. Correspondingly, the
optimal value function and optimal action-value function are defined by (2.5) and (2.6),
respectively,

v∗(s) = max
π

vπ(s),∀s ∈ S (2.5)

q∗(s, a) = max
π

qπ(s, a), ∀s ∈ S, ∀a ∈ A (2.6)

The optimal action-value function can be given in terms of optimal value function as,

q∗(s, a) = E
[
Rt+1 + λv∗(St+1)

∣∣∣ St = s, At = a
]
. (2.7)

To approximate the optimal action-value function, q∗(s, a), Q-learning is one of the
early algorithms in RL developed by the authors in [62] and defined by,

Q(St, At)← Q(St, At) + δ
[
Rt+1 + λmax

a∈A
Q(St+1, a)−Q(St, At)

]
. (2.8)

The convergence behavior of the Q-learning algorithm has been studied in [62], and it
has been shown that if all state-action pairs continue to be updated, Q converges with
probability 1 to Q∗. Accordingly, as the dimensions for either state space or action space
grow, Q-learning no longer provide sufficient performance to address the computational
needs of the RL system.
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2.1.2 Deep Reinforcement Learning

In many practical decision-making problems with high-dimensional state space or action
space, the traditional RL algorithm, e.g., Q-learning, cannot be applied to solve the prob-
lem. DRL algorithms incorporate deep learning and use DNN for either value function
approximation or policy approximation. The details for two well-known DRL algorithms
used in this thesis are as follows.

Double-Deep Q-Network Algorithm

In high-dimensional problems (problems with either huge state space or huge action space)
with discrete action space, the non-linear function approximation methods, including neu-
ral networks, can be employed to obtain the value functions. For instance, when the
number of states increases, we can learn the parametrized action-value function for a
given user (agent) to figure out all action values for all states. Let Q(s, a,θ) denote the
parametrized action-value function. Given [St, At, Rt+1, St+1], by using a DNN to approxi-
mate the action-value function, the Deep Q-learning (DQL) algorithm to update parameter
θ is given by [61],

θ ← θ + ζ(Y Q −Q(s, a,θ))∇θQ(s, a,θ). (2.9)

In (2.9), ζ is a scalar step size, and the target for the user is given by,

Y Q = Rt+1 + λmax
a′∈A

Q(St+1, a
′,θ). (2.10)

To improve the performance and conquer the learning instability, the Deep Q-Network
(DQN) [63] can be engaged to update the DNN parameters. In DQN, a target network,
online network and the experience replay are used to update the parameters. Let θ− and
θ be the parameters for the target and online networks, respectively. The parameters of
the online network are copied after every N step to the target network so that θ− = θ.
Accordingly, the target used by DQN is,

Y DQN = Rt+1 + λmax
a′∈A

Q(St+1, a
′,θ−), (2.11)

and by replacing Y DQN in (2.9),

θ ← θ + ζ(Y DQN −Q(s, a,θ))∇θQ(s, a,θ). (2.12)

is gained. As depicted in Fig. 2.2, the target network is used to achieve YDQN [which
is noted in equation (2.11)]. Also, as mentioned in reference [33, 58], the loss function
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Figure 2.2: Reinforcement learning with deep Q-Network (DQN).

is given in terms of the difference between YDQN and the Q-value obtained from the on-
line network. To optimize the loss function, the parameters for the online network are
updated using the updating function in equation (2.12). Additionally, the observed transi-
tions [St, At, Rt+1, St+1] which are stored in the experienced memory (replay buffer) D, are
sampled uniformly (as mini-batches) to train the online network, conquering the learning
instability and preventing the optimal policy from being driven to a local minima [33].

In both Y Q and Y DQN, the max operator results in overoptimistic estimates. The
DDQN algorithm is proposed in [58] to resolve this issue. In the DDQN algorithm, the
selection is decoupled from the evaluation [58]. Specifically, by using the online network
with parameter θ and target network with parameter θ− the target for DDQN is given by,

Y DDQN = Rt+1 + λQ(St+1, argmax
a′∈A

Q(St+1, a
′,θ),θ−). (2.13)

By replacing Y DDQN in (2.9), the updating function for the online network parameters is
given by,

θ ← θ + ζ(Y DDQN −Q(s, a,θ))∇θQ(s, a,θ). (2.14)
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Compound-Action Actor-Critic Algorithm

In some cases, the decision problems have the action space with both continuous and
discrete actions, i.e.,

A = {a = (α, r) | α is discrete action and r is continuous action} (2.15)

Taking advantage of the Deep Deterministic Policy Gradient (DDPG) algorithm [64] and
DQN algorithm [63], the authors in [60] have derived the CA2C method to learn the
optimal policy to handle both continuous and discrete action. Let π be the policy function
for the agent; therefore, π is a function from a given state s to action a, i.e., π : S 7→ A.
The policy π corresponds to the behavior patterns of the agent at the different states of
the environment. Thus, it should be optimized to maximize the long-term reward for the
agent. To find the optimal policy, i.e., π∗, both current and future rewards for the agent
should be considered. For a given state s and action a, let Q(π, s, a) be the Q-function
for the agent under the policy π. For ease of reference, from here on, we use the notation
Q(s, a) for the agent’s Q-function. Q(s, a) is defined in terms of the expectation of the
weighted sum of the short-term reward for that agent [61]. Based on what is discussed
in [60] and [1], the optimal policy for the agent is the policy under which the Q-function
is maximized, i.e.,

a∗ = π∗(s) = arg max
ab∈Ab

Q∗(s, ab), ∀s ∈ S. (2.16)

In the above problem, the action space is composed of continuous and discrete actions. The
CA2C algorithm is proposed in [60] to attain the optimal policy. The details are marked
in what follows.

Let us decompose the optimal policy π∗ into two optimal policies corresponding to
continuous and discrete actions. Given state s and discrete action α, let ν∗(s,α) denote
the optimal policy corresponding to continuous action. The best discrete action is obtained
as follows [60],

α∗ = argmax
α∈A

Q∗
(
s, (α,ν∗(s,α))

)
(2.17)

In (3.58), finding the exact value for Q∗ and ν∗ is challenging because the action and state
spaces are high dimensional. To address this issue, the DNN can be used to approximate
them. The CA2C algorithm in [60] employs the DQN and DDPG algorithms to train the
corresponding DNNs separately. The details are presented below.

As illustrated in Fig. 2.3, two separated DNNs, actor DNN with parameter θ and critic
DNN with parameter w, are used to approximate the Q∗ and ν∗, respectively. Let us
denote the parametrized Q-function and the parametrized policy pertinent to continuous
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Figure 2.3: Actor-critic-based method for training the DNNs used to approximate Q∗ and
ν∗ for the agent.

action by Q(s, a,w) and ν(s,α,θ), respectively. The state s and discrete action α are
first given as the input to the actor DNN. The actor DNN approximates ν(s,α,θ) to
obtain the continuous action r(t). Then, given the state s and r(t) to the critic network,
the Q-function for the agent, Q(s, a,w), is approximated. Based on (3.58), Q(s, a,w),
corresponds to discrete action.

Training procedure: To train the actor and critic DNNs, the DDPG and DQN algo-
rithms in [64] and [63] are used, respectively [60]. In both algorithms above, the target and
online network concept is employed to prevent over-optimism and instability. We denote
the parameters for the actor and critic target networks by θ− and w−, respectively. Fur-
ther, the parameters for the actor and critic online networks are θ and w, respectively. At
each step, the soft update method is used to update the parameters for the target networks,
i.e., θ− = τθ− + (1− τ)θ, and w− = τw− + (1− τ)w where τ is the fixed parameter. The
replay buffer is used to train the actor and critic online DNNs (i.e., setting the parameters
θ and w, respectively). At a given time t, let us denote the tuple of current space, current
action, next state and reward as the experience et = [St, at, St+1, Rt]. The replay buffer
for the agent is denoted by D = {et}. Additionally, we denote the functions evaluated
by the actor and critic networks by Jb(θ) and L(w), respectively. The function J(θ) is
given in terms of the average Q-function for the agent, and L(w) is given in terms of the
average difference between the Q-function and target value for the agent. The details for
functions J(θ) and L(w) and the corresponding target value are given in [60]. We refer
the readers for more details to this reference and mention the updating function for θ and
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w as follows [60],

θ = θ + ζ∇θJ(θ), (2.18a)
w = w − ζ∇wL(w), (2.18b)

where ζ is the learning rate. By following the procedure illustrated in Fig. 2.3 and using
(A.9a) and (A.9b), the algorithm to train the actor and critic networks are provided in
Algorithm 2.1 and Algorithm 2.2, respectively [60].

Algorithm 2.1 Critic Network Training Algorithm
Input: A sample experience et = [St, a, Rt+1, St+1], online network parameter θ, target

network parameter θ−, τ .
Output: Updated parameters for critic online networks and critic target networks.

1: procedure
2: Given St+1 and α (discrete action), obtain the output for the actor online network,

i.e., r (continuous action);
3: Given r and St+1 as input to critic target network, obtain the Q-function and update

α based on (3.58);
4: Given α and St+1 as input to actor target network, update r;
5: Obtain the target value for the critic and the Q-function calculated by the critic

target network, which is multiplied by the discount factor;
6: Employing critic optimizer (e.g., Adam algorithm), update the parameters for the

critic online network using (A.9b);
7: Update the parameter for critic target network as w− = τw− + (1− τ)w.
8: end procedure

Explainability

RL algorithms like many ML ones suffer from explainability. RL applications need a model
that can explain their decisions and actions to human users. Note that DRL models rely on
many factors, e.g., environment and deep learning models and the algorithm used to train,
and hence are complex to debug. Some classification and assessment of current explainable
RL methods are available in [65].

As mentioned in [65], explainable AI methods can be intrinsic or post-hoc. In the
former, the ML model is constructed to be inherently self-explanatory at the time of
training which is obtained by restricting the complexity of the model. Decision tree can
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Algorithm 2.2 Actor Network Training Algorithm
Input: A sample experience et = [St, a, Rt+1, St+1], online network parameter w,

target network parameter w−, τ .
Output: Updated parameters for critic online networks and critic target networks.

1: procedure
2: Calculate the gradient of function J(θ) with respect to continuous action in all

sampled experience form replay buffer Db (by using equation (28) in [60]);
3: Using the actor optimizer (e.g., Adam algorithm), update actor online parameter

based on (A.9a);
4: Update the parameter for actor target network as θ− = τθ− + (1− τ)θ.
5: end procedure

be given as a good example of the intrinsic method. On the contrary, in the latter, the
post-hoc method, a second simpler model is created to analyze and provide explanation
for the original model after training [65]. DDQN and CA2C algorithms are based on the
DQN algorithm. To study the DQN explainability, a post-hoc method has been developed
in [66]. It shows that state aggregation in DQN algorithm gives the agent the ability to
learn specific policies for the different regions, thus provides an explanation for the success
of the agents.

2.1.3 Convolutional Graph Neural Networks

Taking advantage of DNNs and generating data in the Euclidean space, several ML tasks
such as natural language and image processing, have recently been revolutionized by deep
learning. However, the number of applications with data generated from non-Euclidean
domains is increasing. Graphs can represent these applications with complex relationships
and interdependency between objects. Graph Neural Networks (GNN)s provide graph data
with extending deep learning approaches. The state-of-the-art for GNNs has been studied
in [67]. The Convolutional Graph Neural Networks (CGNN) is employed in this thesis and
briefly reviewed in what follows.

In the CGNN, the notion of convolution used in Convolutional Neural Network (CNN)s
is employed for graph data. Particularly, it generalizes the convolution operation from grid
data to graph data. By stacking multiple graph convolutional layers with different weights,
a node in the graph is represented by its features and neighbors’ features. For instance, to
extract the overall graph’s structure, the GCN is proposed in [68] and used by the authors
in [69] to tackle the problem of offloading in 5G networks. In [68], the GCN algorithm,
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the combination of deep Q-learning algorithm in RL and graph embedding, is proposed
to approach the NP-hard graph optimization problems. Precisely, each node feature is
iteratively updated using a DNN. To train the DNN, the deep Q-learning algorithm has
been used. The authors in [69] further extended this method where an actor-critic algorithm
is used to train the model (i.e., actor and critic DNNs and the embedding layers) and extract
each node feature. Specifically, by using the Spatial-based approach in CGNN, where the
graph convolutions are defined by propagating the information [67], the network layer-wise
propagation rules for a given node vi are given by,

H l+1
i = σ

( ∑
vj∈succ(vi)

W lH l
j +H l

i

)
, (2.19)

where W l is the weight for the lth layer in GCN, succ(vi) is the set of successor nodes of
the vi, and σ(.) is a nonlinear activation function, e.g., Sigmoid and Tanh. Given Oi = HL

i

where L is the number of layer for the GCN, the embedding for the node vi is denoted by
Evi and calculated as follows,

Evi = σ
( ∑

vj∈succ(vi)

Oj
)
. (2.20)

2.2 Literature Review

2.2.1 Resource Allocation and Edge Computing

Innovative applications for smart UEs such as smart cities applications, AR and VR are in-
creasing, and they demand intensive computing and storage resources. Due to the high cost
of running these resource-intensive applications, e.g., time cost and energy consumption,
MEC is proposed. The computing and storage resources from a cloud would be shifted to
the MEC hosts (e.g., BSs) at the edge of networks using MEC. This technology provides
the UEs with closer resources, which subsequently reduces service latency, and alleviates
network congestion.

In MEC, the key technology is task offloading, which enables a UE to offload a resource-
hungry application to the MEC hosts so as to reduce the cost in terms of energy and
latency and process the application. Specifically, in this technology, considering the task
profile, CPU cycles and the size of input/output data, the UE should either perform the
task locally or offload it to the MEC hosts. In literature, the offloading problem has
been studied from two viewpoints: offloading an application with independent tasks and

20



Table 2.1: Resource allocation and task offloading in the next-generation wireless networks

Ref. Task
Dep.

Problem Formulation Offloading
Strategy Solution

MethodObjective Variable
Latency Energy Binary Partial

[70] ✓ ✗ ✓ Offloading ✓ ✗ Heuristic

[71] ✓ ✓ ✗
Offloading
Scheduling ✓ ✗ Heuristic

[72] ✓ ✓ ✗ Offloading ✓ ✗ Heuristic

[16] ✓ ✓ ✗
Offloading

Service cashing ✓ ✗
Optimization

theory
[73] ✓ ✓ ✓ Offloading ✓ ✗ DRL with S2S
[69] ✓ ✓ ✓ Offloading ✓ ✗ DRL with GCN
[12] ✗ ✓ ✗ Offloading ✓ ✗ Game theory

[13] ✗ ✓ ✓
Offloading

SC allocation ✓ ✗ Game theory

[4] ✗ ✗ ✓

Harvesting and
offloading time,
transmit power,
CPU frequency

✓ ✓
Optimization

theory

[5] ✗ ✓ ✗
Task time, task

partitioning ✓ ✓
Optimization

theory

[6] ✗ ✗ ✗
Transmit power,
offloading ratio ✓ ✓

Optimization
theory

[7] ✗ ✗ ✓

Offloading, CPU
frequency,

transmit power
✓ ✓

Optimization
theory

[17] ✗ ✓ ✓
Offloading, CPU

frequency ✓ ✗
Optimization

theory

[18] ✓ ✓ ✓

Offloading, CPU
frequency,

transmit power
✓ ✗

Optimization
theory

[19] ✗ ✓ ✗

Offloading,
computation

resource
✓ ✗

Optimization
theory

[74] ✗ ✓ ✓ Offloading ✓ ✗ RL
[75] ✗ ✗ ✗ Offloading ✓ ✗ RL
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offloading an application with interdependent tasks. In the former, each task has its input
and output, and the problem corresponds to offloading an atomic task, and it is a binary
integer programming optimization problem. However, most of the applications in emerging
wireless networks are interdependent tasks. They consist of several tasks, and the outputs
of some of the tasks are the input for the others. Therefore, the inherent dependency
among them should be regarded while studying the problem of resource management and
offloading. Ergo, this problem is an NP-hard problem.

Based on Table 2.1, the works in [4–7,12,13,17–19,69–78] tackle the offloading problem
by using different methods such as optimization theory, game theory, heuristics and RL.
The details are provided in the following sections.

Atomic task offloading

In an atomic task application, each task has its input and output. In Table 2.1, a detailed
classification of the proposed schemes for offloading an atomic task is given based on
various features. The studies differ in their objective, problem formulation and solution
approach. In terms of methodology, several works have used game theory approaches
( [12, 13]), whereas some others brought optimization-based solutions into play to address
this problem ( [4–7, 17–19, 77]). In addition, recently learning-based methods have been
explored ( [74,75]). The details are given in what follows.

Game theory has been employed in [12, 13] to address the problem of task offloading.
Only the binary/full offloading scheme is considered in these works. A task can be per-
formed locally or offloaded onto a MEC server in the binary offloading strategy. In [12],
considering a MEC-enabled vehicular network, a non-cooperative game is proposed to ad-
dress the problem of task offloading. Each vehicle can offload its task to the MEC server
or execute it locally. So, in the game, the strategy space for each player corresponds to
its task offloading probability to the MEC server by considering the set of vehicles as the
set of players. The payoff function for each vehicle (player) is the difference between its
utility and cost functions. The former is given in terms of the execution time of the player
task. At the same time, the price function for a vehicle is given in terms of the available
computation and storage resources in the MEC server. Particularly, the more the available
resources in the MEC, the less the price for the player. It has been proven that a unique
Nash Equilibrium (NE) is the solution for the proposed offloading non-cooperative game if
the players offload their task based on the probability obtained from their best responses.
Taking advantage of Non-Orthogonal Multiple Access (NOMA) in MEC-aided networks,
the authors in [13] have proposed a joint offloading and Sub-carrier (SC) allocation to
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minimize the computation overhead, i.e., the weighted sum of the latency and energy con-
sumption to execute a task (either locally or by offloading it onto the MEC server). The
problem is mixed-integer programming. The authors have restated it as a coalition game
where the UEs are the players. Since the UEs can employ each SC to offload their task,
each coalition in the game corresponds to a set of UEs using an SC to offload their tasks.
The computation gain for each coalition is defined as the gain obtained from offloading the
tasks. It is given in terms of the difference between the local computation and offloading
computation overheads.

Optimization theory is the methodology which has been used by the authors in [4–7,
17–19, 77] to see to the offloading problem. In [4–7, 77], the partial offloading scheme for
each task was taken into consideration. This scheme divides the computation task into two
parts, executed locally on the mobile device and offloaded to the MEC server. Defining
Computation Efficiency (CE) as the ratio of the total computed bits to the consumed
energy, the authors in [4] developed the algorithms in four different scenarios, NOMA-
based MEC-assisted network with binary and partial offloading schemes and the mentioned
schemes for a MEC network with Time Division Multiple Access (TDMA). In [4], a non-
linear function is used to model energy harvesting. Subjected to the constraint of minimum
computed bits requirement, energy harvesting requirement (i.e., the energy consumption
for a UE should be lower than the harvested energy), time for harvesting energy and
offloading, the objective is to maximize the minimum CE for the UEs. The optimizing
variables are the UL transmit power level, harvesting and offloading time, and the CPU
frequency for the UEs. The iterative algorithms are derived to address the non-convex
problems. For a TDMA-based network, three different scenarios for computation have been
considered in [5], local computation, cloud computation and partial offloading computation.
By viewing the fairness, the objectives for the problems in all scenarios above are to
minimize the weighted sum of the delay for the tasks in different time slots. The problems
above are convex optimization problems, and the optimal solutions are pertinent to the
optimal time required to perform each task. The optimizing variables for the partial
offloading scenario are the variables that correspond to the time slot for each task and
its partitioning. The closed-form expression for the optimal task segmentation is obtained
given the task interval. Using the closed-form expression in the optimization problem for
the partial offloading scenario, the problem was reduced to a tractable and convex problem.
Subjected to the constraint of delay budget for two fixed UEs, the objective in [6] is to
maximize the successful computation probability. The successful probability is defined in
terms of offloading ratio for two users, power allocation for UL NOMA, the time for task
offloading and task executing, and the distance between the UEs and the MEC server.
The optimizing variables are UL power and offloading ratio for the UEs. The optimal
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solution for the problem reveals that the offloading ratio corresponds to the difference
between the computation resources at the MEC and those of the edge UE. Also, the UE
locations play a significant role in the UL power allocation ratio. In [7], for each offloading
scheme, partial offloading and binary offloading, the problem of resource management and
offloading has been separately tackled. Subjected to the constraint of latency requirement
for the UEs, transmission quality, computational budget, and transmit power, the objective
of the optimization problems is to minimize the sum of energy consumption for the UEs.
For each UE, the energy consumption is the summation of energy for performing a task
locally, the energy for transferring a task to the MEC server and the energy during the
standby mode. The optimizing variables are the offloading indicators, the transmit power,
and the UE’s CPU frequency. For partial offloading, the offloading indicator is between
zero and one. Meanwhile, it is a binary variable in the binary offloading scenario. To
address the problems, the binary offloading variable in the binary offloading scenario is
transformed into a continuous one. Additionally, for the partial offloading method, the
l0-norm in the constraint is approximated by using the linearization. The problems are
addressed using the concave-convex procedure that handles the highly coupled and joint
optimization parameters.

Considering the mobility of the UEs and the complete offloading method, the authors
in [17] aim to solve the problem of offloading decisions and frequency allocation. The objec-
tive is to make a tradeoff between the latency for the tasks and their energy consumption.
The problem is a mixed-integer and non-linear optimization problem, which is solved using
a heuristic. Specifically, the main problem is decomposed into local convex optimization
problems and non-linear integer programming sub-problems. The former problems are
solved numerically, and their optimal solutions correspond to the local frequency for the
tasks. Meanwhile, the latter problems are for offloading decisions and are solved heuristi-
cally. In [18], for given two UEs, it has been assumed that the output of the application
(task) running by one UE is the input for that of another UE. By considering only two
UEs, a scheme for task offloading, power control and local CPU frequency allocation has
been derived. Subjected to the constraint of UL transmit power level for each UEs and
their local frequency, the objective is to minimize the weighted sum for the total energy
consumption and latency. Given the optimal solution for the offloading scheme adopted by
each UE, the problem has been reduced to a convex problem through which closed-form
expressions for the optimal transmit power level of the UEs are obtained. By using the
closed-form expressions and a bisection method, the authors derived the optimal value for
the local CPU frequency and transmit power level. To continue, during a time interval,
it has been shown that it is optimal for a UE to offload its task onto a MEC server at
most once, and wherefore, by using the Gibbs sampling method, the optimal offloading
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decision for each UE is obtained. In a software-defined Ultra-dense network, an offloading
scheme has been derived in [19] to minimize total UE delays subject to the constraint of
each UE battery life. The authors decompose the formulated NP-hard problem into two
offloading and computation resource allocation problems using a transformation method.
The offloading is linearized and solved by using the ϵ−constraint method. Meanwhile, the
latter, a convex problem, has been solved numerically.

In vehicular networks assisted by edge computing, in [74, 75], to effectively model the
impact of every UE action in a dynamic environment, RL has been used to find the optimal
offloading policy. In [74], they attempt to efficiently support the resource-hungry applica-
tions running by vehicles. Thus, the weighted sum of task latency and energy consumption
has been taken as the long-term cost. By considering the binary offloading scheme, the
action space corresponds to performing the tasks locally or remotely; additionally, a task
in the queue can be held idle. The state space is given in terms of the task features, e.g.,
task generation time and input data size, the location of the vehicles, the remaining cycles
for local CPUs and MEC server to complete the tasks, and the remaining data of the tasks
should be transmitted to the MEC server. A DRL-based method is employed to solve
this RL system with massive action and state spaces. DNNs used to estimate the policy
and value functions share the same input layer consisting of the CNN layers for the queue
state information and the other data in the state space. The proximal policy optimization
algorithm is used to train the DNNs. In [75], the utility for a task is given in terms of the
saved time in executing the task compared to the maximum delay tolerance. Subjected
to the delay constraint of tasks, the objective is to maximize the total task utilities. The
problem is modeled as an RL system. The state space is the vector of the computation
required to perform the tasks at each server. The action space is given in terms of the
offloading strategy for the tasks. The deep Q-learning algorithm has been used to find the
optimal policy in order to offload the task.

Offloading the applications with general task dependency

In a task-dependent application, the outputs of some tasks are the input for the others. In
particular, an interdependent task application is represented by a Directed Acyclic Graphs
(DAG). In works reviewed in the previous section, the task dependency has been ignored,
which may have a detrimental effect on provisioning the QoS and using the edge resources.
This drives the authors in [69–73, 78] to face the problem of resource management and
offloading of the applications with general task dependency. The details are given in what
follows.

To address the NP-hard general task-dependent offloading problem, heuristic algorithms
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have been derived in [70–72]. In [70], the network comprises several UEs, MEC hosts and
a remote cloud. The UEs can be idle, the application is neither run nor initiated. The
offloading strategy is running an application locally or offloading it onto an idle UE, a
MEC host and a cloud server. The authors derive the cost function for the system in
terms of energy consumption and processor utilization in MEC hosts and cloud server.
Subjected to the constraint of the energy consumption of each task, the task dependency
in the applications and the complete time for the application execution, the objective is to
minimize the cost. The formulated problem is an NP-hard problem. A heuristic algorithm
for offloading a task has been proposed to address the problem sub-optimally.

Specifically, first, the tasks are arranged based on their ready time and complete time.
Then, according to the required energy consumption for execution, they are assigned to
a device namely another UE, a MEC host or the cloud server. Finally, the tasks will be
rearranged to minimize the cost. Similar to the system model in [70], the authors in [71]
aim to maximize the number of completed applications subjected to the constraint of the
applications target delay. The variable of interest in the formulated resource management
problem corresponds to offloading a task onto an edge host or the cloud and scheduling
the offloaded task. A heuristic has been derived to tackle the problem wherein the priority
of a task is estimated and used to offload and schedule the task. In the MEC-Cloud
network in [72], the cloud offers a limited number of Virtual Machines (VMs), and the
edge hosts have limited computation resources. The edge hosts cover the UEs, and each
UE uses its corresponding local edge host to access the whole system. Since the UEs have
the same network topology, the offloading problem is studied for the network with only
one UE for more convenience. For a given application run by the UE, the makespan is
defined as the difference between the initiation and the completion time of the application.
Subjected to the constraint of completing each application before its deadline, the objective
is to minimize the average makespan of the applications. First, the probabilistic bottom
level is defined as the data transfer time between the two dependent tasks to address the
problem sub-optimally. Using this parameter, a heuristic algorithm is proposed to derive
the expected completion time of each task and prioritize the tasks accordingly. Based on
the priority for each task, it is performed locally by the UE or assigned to a proper server.

The authors have used optimization theory in [16] to address the problem of offloading
the interdependent task applications in MEC-Cloud networks. In [16], it is assumed that
every task in an application is offloaded, and the edge hosts have limited service cashing.
Subjected to the constraint of available services at each edge host, task dependency in the
application, and offloading a task onto the only server, the objective is to minimize the
execution time for the application. This problem is an NP-hard problem. To address it,
two different scenarios have been considered: heterogeneous and homogeneous scenarios.
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In the first scenario, the processing delay of the same job will vary on different edge nodes
because the edge devices have other hardware specifications. Meanwhile, in the latter, the
edge node hardware specifications are similar. Considering the first scenario, the authors
use some concepts in convex optimization theory, relax the NP-hard formulated problem
and solve it with CPLEX solver. In the second scenario, the formulated problem is relaxed
so as to find which two consecutive tasks should be offloaded onto the same edge host.
Then, the tasks are offloaded based on their starting time.

The authors in [69, 73, 78] have employed DRL to tackle the problem of offloading
applications with interdependent tasks in a time-varying network. In [69, 73] the network
consists of various UEs and is assisted by some MEC hosts and a cloud server. Each
MEC host runs multiple VMs, and the cloud is used to process the computation-intensive
and resource-hungry jobs. A UE application has multiple tasks with general dependency
represented by a DAG. Using offloading scheduler, a UE makes the offloading decision for
its application. The problem of task offloading is modeled as a MDP. In [73], the state
space at a given time t is defined in terms of the DAG information of the application
and the offloading plan for the tasks in the application from the beginning to time t.
The action space represents the local execution or offloading. The reward function is a
decreasing function of the energy consumption and the latency for a task in the DAG. To
solve the MDP, a DRL-based algorithm has been proposed. The DRL based algorithm uses
Sequence-to-Sequence (S2S) Neural Network (NN). The input for the S2S NN is the DAG,
and its output is the policy for offloading the tasks. To efficiently train the S2S NN using
the RL, the replay experience buffer gathers the experiences, each of which is a tuple of
the current state, current action, reward and the next state. Additionally, to avoid a large
policy update, the final training function is given in terms of the ratio of the current policy
to the old policy, an entropy bonus and a squared error loss function. In [69], the state
space is given in terms of the MEC environment status information, namely edge server
status and user status, and the state of tasks. To reduce the dimension of the information
above, the MEC environment status information is given as input to a NN to obtain the
MEC embedding. For the latter, the task’s state information, a GCN is used to obtain the
task embedding. The state space is composed of task embedding and MEC embedding.
The action space corresponds to performing a task either locally, or offloading it to a MEC
host, or sending it to the cloud server. The reward function is given in terms of the average
energy-time cost for all UEs. An actor-critic framework is derived to solve the proposed
RL system, i.e., find the near-optimal policy to offload a task in each application of UE.

In [78], the MEC-assisted network consists of a UE and an Access Point (AP), the
gateway for the edge cloud. The UE has a computationally intensive application with
interdependent tasks that can be performed locally or offloaded onto the AP. A DAG
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represents the dependency for the tasks. The objective is to minimize the weighted sum of
application execution time and the UE’s energy consumption subjected to the constraint
of CPU frequency for the UE. This problem is an optimization problem with combinatorial
characteristics. To address it, an actor-critic learning method is used. The offloading policy
is obtained through the actor NN. Specifically, the output for the actor NN is quantized
to explore the action space more efficiently. For each quantization level, the reward (cost)
given in terms of the objective function for the optimization problem is calculated, and
the action corresponding to the minimum value for the reward is considered. Given the
offloading strategy for a task, the optimization problem is solved to simplify the output
for the critic network. A closed-form expression for optimal CPU frequency of the UEs is
obtained.

2.2.2 Delay-Aware and Energy-Efficient Carrier Aggregation

Spectrum aggregation or CA, introduced by the 3rd Generation Partnership Project (3GPP)
in its new LTE-A standards, is a candidate technology to design the next-generation wire-
less networks. This concept has been deployed in HSPA cellular systems where the two
adjacent carriers in the same spectrum bands are aggregated in DL and UL transmissions.
In LTE-A systems, however, the CCs in the non-continuous spectrums in different band-
widths can be aggregated up to 100 MHz with five CCs of 20 MHz. This supports wider
transmission bandwidth between E-UTRAN NodeB (eNB) and UE. In an LTE-A system,
as the radio resource control connection is established by a UE, one CC is activated for
the UE in the primary serving cell. This CC is referred to as always activated Primary
Component Carrier (PCC). Depending on the QoS requirements for the UEs and the traffic
pattern, one or more additional temporary CCs in the secondary serving cells are activated
for each UE, which are called Secondary Component Carrier (SCC). The eNB is responsi-
ble for activating/deactivating an SCC for the UE. Additionally, it would not necessarily
activate the same CC as the PCC for the different UEs, i.e., a CC can be configured as a
PCC for one UE and activated as an SCC for another UE.

Despite its advantages, CA causes UEs to consume more energy because the UEs mon-
itor a large aggregated spectrum than they would perform with a single carrier alloca-
tion [21]. UE power consumption affects a mobile device’s battery life, so it must be
carefully managed. In the UE receiver, the Radio Frequency module and Base Band pro-
cessing part consume energy to receive the signal and decode information [21]. Therefore,
the power consumed by each UE grows as the number of CCs and the rate increases.
Hence, to save the UE power consumption in CA mode while enhancing the throughput
and delay, dynamic management of activation and deactivation of CCs plays a prominent
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role. In Table 2.2, to support the CA functionality, the authors in [14,15,20–28,31,79–85]
have studied the radio resource management problem in the next-generation wireless net-
works. The proposed schemes are classified based on the various aspects, such as problem
statement, solution method, objective and applications. The details are given in what
follows.

Carrier aggregation and energy efficiency

The authors in [20] propose the optimum joint CC selection and resource block (RB)
allocation scheme while satisfying the QoS requirements of the users with a full buffer
traffic model. They also considered the latency for activating and deactivating the CCs and
control channel overhead for switching CCs. While minimizing the UE power consumption
to monitor the activated CCs, joint optimum CC selection and RB allocation problem is
considered in [21], and it is assumed that the CC management can be applied frequently.
In [31], the problem of energy-efficient CA is modeled as a multi-agent RL system. To
consider the energy efficiency, the reward function for each UE (as an agent) is given in
terms of the number of activated CCs and the achievable rate for the UE, and the action
space for each UE corresponds to activating/deactivating a CC. The state space for a
UE is the tuple of an indicator for useful action, an indicator of meeting the target rate
requirement for the UE and the required number of CCs. The Q-learning algorithm is used
to solve the proposed RL system, finding the optimal policy to activate and deactivate the
SCCs for each UE.

In [79], it is assumed that all CCs are assigned to a UE, which can result in an increased
UL overhead, e.g., Channel Quality Indicator (CQI) feedback. Therefore, strategies in dif-
ferent layers are described to reduce the UL overhead. In [22], the objective is to maximize
the weighted sum of the utilities for the UEs subjected to the constraint of the number of
activated CCs for each UE. Using the auxiliary variables and solving a sequence of suc-
cessive geometric programming approximations of the problem, a CA and RB allocation
algorithm is derived to address the problem sub-optimally. It is shown that the converges
point of the proposed algorithm meets the Karush–Kuhn–Tucker (KKT) conditions of the
problem. Considering the proportional fairness in the LTE-Advanced system, the authors
in [23] intend to maximize the sum of the logarithmic average throughput for the UEs. A
linear optimization problem relaxes the mentioned integer linear programming problem,
and a resource management scheme is derived for CA, modulation and coding scheme
assignment and RB allocation.

In [80], the bursty traffic in an LTE-Advanced system is modeled by the birth-death
process (the special case of the continuous-time Markov process). For the UEs sharing a
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Table 2.2: Resource allocation in the next-generation wireless networks with CA function-
ality

Ref. Technology Resource management problem Methodology

CA DC Objective EE Var. ML Opt.
theory

Game
theory

Heur-
istic

[20] ✓ ✗
Max. Total utility

(in terms of rate for UE) ✗
RB and CC
indicator ✗ ✓ ✗ ✗

[21] ✓ ✗ Min. Power consumption ✓
RB and CC
indicator ✗ ✓ ✗ ✗

[31] ✓ ✗
Max. The rate for each UE

Min. Number of activated SCC ✓ CC indicator ✓ ✗ ✗ ✗

[22] ✓ ✗
Max. Total utility

(in terms of rate for UE) ✗
RB and CC
indicator ✗ ✓ ✗ ✗

[23] ✓ ✗
Max. Sum of logarithmic

average throughput for UEs ✗

RB and CC
indicator
and MCS

✗ ✓ ✗ ✗

[80] ✓ ✗
Find UE with max. value

of fairness per RB on a CC ✗
Packet

scheduling ✗ ✗ ✗ ✓

[24] ✓ ✗

Max. Total utility for UEs
(logarithmic and sigmoidal-like

function over throughput)
✗ CC indicator ✗ ✓ ✗ ✗

[25]
[26] ✓ ✗ Max. Total throughput for UEs ✗ CC indicator ✗ ✓ ✗ ✗

[14] ✓ ✗ Max. System throughput ✗ CC indicator ✗ ✗ ✓ ✗

[83] ✓ ✗
Study different traffic on power

consumption ✓ CC indicator ✗ ✗ ✗ ✓

[84] ✓ ✗
Max. Spectrum utilization

Min. UE wake-up time ✓ CC indicator ✗ ✗ ✗ ✓

[85] ✓ ✗
Study DRX configuration on

power consumption ✓
DRX

parameters ✗ ✗ ✗ ✓

[15] ✓ ✗ Max. System throughput ✗ CC indicator ✗ ✗ ✓ ✗

[27] ✓ ✗ Min. Consumed power ✓ CC, UL pwr. ✗ ✓ ✗ ✗

[82] ✓ ✓ Load balancing ✗
CC and BS

assign. indicator ✗ ✗ ✗ ✓

[28] ✓ ✓
Max. Spectrum efficiency
Max. Energy efficiency ✓

DL power, CC,
and BS assign.

indicator
✗ ✓ ✗ ✗
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CC, the fairness metric for a UE is defined in terms of the ratio of the estimated instanta-
neous throughput of the UE to its average delivered throughput on the CC. The objective
of the load balancing problem is to find the UE with the maximum fairness metric per RB
on a CC. By considering two load balancing algorithms in LTE-Rel’8, i.e., Round Robin
(RR) and Mobile Hashing (MH) balancing, a packet scheduling algorithm is proposed to
improve the coverage performance and fairness among the users. In [24], the proportional
fairness utility for each UE is given as the logarithmic and sigmoidal-like function of the
achievable rate for the UE on the CCs. The objective is to maximize the total utility
subjected to the constraint of the maximum achievable rate through each CC. The authors
are derived a robust distributed resource allocation algorithm with CA functionality and
provide optimal rates in high-traffic and low-traffic situations.

In a network where the millimeter-wave frequencies are used for higher data rate, the
authors in [25, 26] employ CA to improve the performance network in terms of the total
throughput. In [14], in a heterogeneous network with multi-flow CA, a hierarchical game
theoretic-based algorithm is proposed to maximize the system throughput. The effect
of CA on the application level throughput and delays of LTE networks are studied in
[81]. Subjected to the constraint of high data rate requirements for the device-to-device
(D2D) links, the problem of minimizing the total consumed power is addressed in [30].
Specifically, the CA technology is developed in D2D-enabled 5G networks to satisfy the
rate requirements for the D2D links. The resource management problem is formulated
as a mixed-integer optimization problem. The transformation and variable substitution
are used to address the problem. A two-layer algorithm is proposed for joint UL power
allocation and carrier aggregation.

Recently, the impact of UE power savings has also been considered in the resource man-
agement schemes proposed for 5G. Thus, based on the current standardization progress
in 5G, the authors in [86] provide an overview of power-saving techniques. Considering
the energy consumption for dynamically activating and deactivating an SCC, the authors
in [21] and [31] studied the energy-aware resource allocation in the networks with CA
functionality. In [84], a heuristic algorithm is proposed to maximize spectrum utilization
and minimize UE wake-up time concurrently. In [87], the details for the power saving
potential in radio resource control are studied by considering only one UE in a network
without CA. In [83], for different traffic models, e.g., FTP and web browsing, the effect
of the CC activation on UE power consumption is studied. In the power saving mecha-
nism proposed in [84,85,88,89], a UE can stop monitoring the Physical Downlink Control
Channel (PDCCH) for a while (i.e., the DRX mechanism is used). Specifically, in [85], the
duration and the frequency of the non-monitoring periods are optimized based on the QoS
requirements for the applications used by the UE. The authors in [88] propose a power
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and delay scheduling scheme for DL transmission with bursty packet data traffic. Mean-
while, in [89], the efficiency of using the DRX mechanism to prolong battery life is studied
by measuring the power consumption, cell bandwidth, screen and CPU power consump-
tion. However, DRX-based energy saving is challenging in practice due to the need for
coordination between multiple activated CCs.

UL power-sharing and dual connectivity

This subsection briefly reviews the most recently proposed resource management schemes
in the 5G networks with CA and DC. Some resource management schemes in the networks
with CA technology have been derived in [15, 27]. In [15], it is assumed that more than
one cell operator can serve the mobile devices. Specifically, a two-layer interacting game is
formulated to maximize the system throughput. The upper layer comprises a Stackelberg
game and is responsible for adjusting the spectrum price. Meanwhile, the lower game
contains a bargaining game, and it allocates the spectrum resources to the users.

DC technology was first initiated in standard 3GPP Released 12 for the LTE networks.
To employ the non-standalone 5G networks to simultaneously connect to the 5G and LTE,
the standard 3GPP Released 15 has been developed, which is analyzed in [90]. In the
networks with DC technology, some resource management problems have been tackled by
the authors in [91–94]. To maximize energy efficiency in a heterogeneous network (HetNet)
with DC, joint power control and traffic offloading scheme is derived in [91]. Specifically,
an ergodic iterative search method is used for adaptive connectivity. Then, the authors
used Lagrangian function and the gradient descent method to derive an optimal resource
management scheme. In [92], in a MEC-enabled network with DC technology, the problem
of minimizing the total energy consumption is formulated as a mixed-integer non-linear
programming (MINLP) problem. The MINLP problem is first addressed by using some
concepts from optimization theory. Then, deep learning is used to derive an intelligent
offloading scheme. In a MEC-enabled HetNet with DC technology, to provide the edge
devices with adequate resources, sub-6 GHz and mmWave BSs are employed in [93], and
the benefits of using the corresponding links for the reliable delivery of the VR traffic are
studied. In [94], the DC is used in a UAV-assisted HetNet. The UAVs are responsible for
controlling reconfigurable intelligent surfaces (RISs) which provides a strong line-of-sight
(LOS) connection with the ground users by operating on microwave channels in the sky. By
considering orthogonal multiple access (OMA) over the microwave channel for the macro
BSs and non-orthogonal multiple access (NOMA) over the mmWave channel for the small
BSs, the authors formally express the problem of minimizing the total DL transmit power
level for the macro and small BSs. The problem is decomposed into two sub-problems. The
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former is solved by deriving an intelligent dueling deep Q-Network-based algorithm, and
the latter sub-problem is tackled by using successive convex approximation in optimization
theory.

In an E-UTRAN New Radio – Dual Connectivity (EN-DC) network consisting of one
eNB and one gNB, to tackle the problem of UL power-sharing, the authors in [95] quantize
the continuous UL transmit power levels for the users (i.e., by approximating power levels
with amplitudes restricted to a prescribed set of values). Then the Q-learning algorithm [62]
was used to address the problem of dynamic power-sharing. In [95], the CA technology
has not been considered. Additionally, the Q-learning-based algorithm may not perform
efficiently as the action space grows, i.e., by increasing the quantization levels or expanding
the number of users. To increase the system throughput and coverage, DC/MC and CA
technology have been used in the wireless networks [28, 82]. For instance, in [82], the
authors derive a heuristic UE-BS association and CA scheme for the load (i.e., the number
of assigned UEs to the BSs) balancing in the networks. Specifically, a UE selects its serving
primary cell based on either received reference signal power or received reference signal
quality. Then, a CC management scheme is applied for CA and secondary cell selection.
In the LTE HetNets, the problem of jointly maximizing spectrum and energy efficiency is
formulated as a bi-objective optimization problem in [28]. Using some optimization theory
concepts, the authors derive a resource management scheme for CA, DL power control,
and user association.
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Chapter 3

Intelligent Resource Management and
Offloading in MEC-enabled Wireless
Networks

3.1 Introduction

In 5G and 6G networks, the fast growth of applications with immense computational needs,
such as streaming video analysis, AR/VR mobile games, navigation of self-driving cars and
drones, call for higher computational capacity than what a smart device can accommodate
on board. Therefore, leveraging advanced wireless communications and MEC technologies
to support advanced applications become inevitable. In MEC, mobile devices can offload
the computation-intensive tasks to a nearby MEC server and augment their computing
capability [4]. The MEC server or servers can be in an office, on a vehicle, in a base
station cabinet, or even be another set of devices. MEC servers are accessed through a
wireless network considering that lightweight mobile devices are the users that need the
MEC capability.

In MEC-enabled networks, there are two possible offloading approaches; partial or bi-
nary offloading. In the former, the computation task is divided into two parts, executed
locally at the mobile device and offloaded to the MEC server. For the latter, i.e., binary
offloading, the whole task is performed either locally at the device or completely offloaded
to a MEC server [4]. Task offloading in MEC has been studied widely in the literature. Due
to the multi-dimensional and dynamic characteristics of the wireless networks, the task of-
floading problem is challenging. In next-generation wireless networks, with the increasing
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number of users, user types, slices, servers and multi-RAT technologies, traditional algo-
rithms based on optimization and game theory will suffer from scalability and flexibility.
Specifically, the above methods would require complete information, which, in most cases,
would not be available. Therefore, emerging AI techniques are promising to overcome some
of these challenges.

In this part, we propose machine learning approaches to jointly take offloading decisions
in MEC and allocate resources in the wireless network. In Section 3.2, by considering both
partial offloading and binary offloading schemes in MEC-assisted networks, we propose a
multi-agent DRL-based algorithm to tackle the problem of maximizing the computation
efficiency [1]. In Section 3.3, we address the problem of partial offloading of the SFCs,
meaning some VNFs are executed at the device locally and others at the servers based on
UE constraints. Compared with the studies on task-dependent offloading in the literature,
the problem for partial offloading of an SFC calls for consideration of constraints for the
SFC placement. Therefore, in [2] we consider SFC placement constraints and task offload-
ing constraints. In Section 3.4, we consider a UAV-MEC-assisted smart farm. Focusing
on the topology of the complex application performed by the UAVs, we employ the com-
bination of DRL and GCN, and derive an intelligent joint offloading and power control
algorithm in [3].

3.2 On Joint Offloading and Resource Allocation: A
Double Deep Q-Network Approach

In this section, we consider binary and partial offloading problems. We seek to find optimal
decisions for jointly offloading and resource allocation, maximizing the number of computed
bits while at the same time minimizing the energy consumption [1]. This allows improved
usage of UL transmit power and local CPU resources. We propose the Deep Reinforcement
Learning for Joint Resource Allocation and Offloading (DJROM) algorithm that uses the
double deep Q-network approach and models UEs as agents [1]. We compare the proposed
method with two other machine learning-based techniques, namely, Multi-Agent Deep Q-
learning (MARL-DQL) and Multi-Agent Deep Q-Network (MARL-DQN) under fixed and
mobile scenarios. Our results show that the DJROM scheme enhances the efficiency better
than the other compared algorithms.
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3.2.1 System Model and Problem Formulation

System Model and Assumptions

We consider a MEC-enabled wireless network consisting of a single base station (BS), a
set of M users, M = {1, . . . ,M}, and a single MEC server. We consider these devices
can use both partial and binary computation offloading schemes. In the partial offloading
scheme, the computation tasks can be divided into two parts, one for local computing and
the other for offloading. For the binary offloading scheme, the computation tasks can be
performed either entirely at the local device or at the MEC server.

For the offloading process, users employ the NOMA technique to improve the offload-
ing throughput by concurrently offloading their tasks on a frequency band (with a limited
number of users). The available NOMA techniques can broadly be divided into two major
categories, i.e., power-domain NOMA and code-domain NOMA which attain multiplex-
ing in power domain and multiplexing in code domain, respectively. Here the typical UL
power-domain NOMA in single cell scenario is used [96–99]. To perform successive inter-
ference cancellation (SIC), we use a similar approach as in [4] where the users’ channel
gain determine the decoding order [96–99], i.e., using the simple decoding order based on
the order of the channel [4]. In doing so, without loss of generality, similar to [4], it is
assumed that the channel gains between the users (employing NOMA protocols) and the
BS have an ascending order, i.e., h1 < . . . < hM , and based on it, the users are decoded
in increasing order. Thus, user m sees the interference based on the decoding order from

the others, i.e., Im =
M∑

i>m

pihi [4, 98, 99]. Therefore, considering the limited number of

users in the frequency band with NOMA (which is used for task offloading), we use the
Signal-to-Interference-Noise-Ratio (SINR) and rate formulation in [4]. This rate and SINR
formulations are used in [98, 99] as well. We also assume that each device has a single
antenna.

For a given time t, let us define αm(t) and βm(t) as offloading indicators for partial and
binary offloading modes, respectively. Based on the offloading mode chosen by user m, we
define:

αm(t) =

{
1 if user m chooses partial offloading,
0 if user m chooses binary offloading.
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Additionally, if user m chooses binary offloading, we define:

βm(t) =


1 if user m performs computation

completely at MEC server,
0 if user m completely performs

computation locally.

In the following model, we use the above binary indicators to define the SINR for a given
user m. Specifically, let p(t) = [pi(t)]

T
i∈M be the UL transmit power vector for the users

to offload their computation task. The UL transmit power level for the users are limited,
i.e., 0 ≤ p(t) ≤ p where p = [pi]

T
i∈M and pi is maximum UL transmit power level for

user m to offload a computation task at the MEC server. Let hm be the channel gain
between the mth user and the BS at duration T (T is the frame duration for the users
during which the channel power gain for the users are assumed to be fixed [4]1). At time t,
let α(t) = [αm(t)]∀m∈M, and β(t) = [βm(t)]∀m∈M. The UL SINR for user m is denoted by
Γm[p(t),α(t),β(t),h]. For more convenience, instead of using Γm[p(t),α(t),β(t),h], we
apply the brief notation Γm(t) for the SINR of user m and express it as,

Γm(t) =
pm(t)hm

M∑
i>m

(αi(t) + βi(t))pi(t)hi + σ2
0

, (3.1)

where σ2
0 is the noise. Here, for any given user m, to offload a task, we can express the

number of computed bits and consumed energy. The details for both offloading schemes,
partial and binary offloading, are given as follows.

Partial offloading : In this offloading mode, as mentioned before, for a given user m,
the computation tasks can be divided into two parts, one for local computing and the
other for offloading. For the local computation, let us assume C is the number of cycles
required for computing one bit of raw data at the user side CPU. Additionally, at a given
time t, let fm(t) be the CPU frequency for user m. fm(t) is limited to the maximum CPU
frequency fm, i.e., 0 ≤ fm(t) ≤ fm. Therefore, the number of computed bits which is

locally performed by user m and the consumed energy for the user are
Tfm(t)

C
(equation

(4b) in [4]) and Tγcf
3
m(t), respectively, where γc is the effective capacitance coefficient of

the processor’s chip. It is dependent on the chip architecture [4]. Additionally, by using
1In [1], in each episode t in the proposed RL-based algorithms, the channel power gain for each user

is considered to be fixed. Accordingly, the notation t corresponds to episode t in proposed RL-based
algorithms in the following equations.
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NOMA protocol for offloading, the number of computed bits which is offloaded onto the

MEC server is
Bτ

νm
log

(
1 + Γm(t)

)
(equation(6b) in [4]). Accordingly, for the offloading

process, the total number of computed bits, i.e., Rm(t), and the total consumed energy
(energy spent for computation and offloading), i.e., Em(t), can be expressed as [4]:

Rm(t) =
Tfm(t)

C
+
Bτ

νm
log

(
1 + Γm(t)

)
, (3.2)

and,
Em(t) = τ0Pr,m + ϵτ(pm(t) + Pc,m) + Tγcf

3
m(t), (3.3)

In the above equations, offloading task for user m consists of both raw data and commu-
nication overhead. Additionally, νm is the communication overhead for user m, ϵ is the
amplifier coefficient, Pr,m is the received power for the received signal processing during
the transmission, and Pc,m is the constant circuit power consumption for user m during
the computation offloading.

Binary offloading : For a given user m ∈ M that completely performs its computa-
tion task locally, the total number of locally computed bits and energy consumption for
computation are given as [4]:

Rm(t) =
Tfm(t)

C
, (3.4)

and,
Em(t) = τ0Pr,m + Tγcf

3
m(t), (3.5)

For a user m ∈ M that completely offloads its computation task at the MEC server, we
have [4],

Rm(t) =
Bτ

νm
log

(
1 + Γm(t)

)
, (3.6)

and,
Em(t) = τ0Pr,m + ϵτ(pm(t) + Pc,m), (3.7)

Let Rmin
m be the minimum number of computed bits required by a given user m. We say

that the QoS for user m is satisfied if we have,

Rm(t) ≥ Rmin
m . (3.8)

It can be said the network is feasible, if (3.8) is satisfied for all users (i.e., Rm ≥ Rmin
m , ∀m ∈

M). Therefore, the network feasibility depends on some parameters, e.g., the number of
users, offloading schemes chosen by the users, path gain for the users, their CPU frequency,
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ηm(t) = αm

[Tfm(t)
C

+
Bτ

νm
log

(
1 + Γm(t)

)
− wm

(
τ0Pr,m + ϵτ(pm(t) + Pc,m) + Tγcf

3
m(t)

)]
+ (1− αm)

[
βm

(Bτ
νm

log
(
1 + Γm(t)

)
− wm

(
τ0Pr,m + ϵτ(pm(t) + Pc,m

))
+ (1− βm)

(Tfm(t)
C

− wm

(
τ0Pr,m + Tγcf

3
m(t)

))]
.

(3.9)

UL transmit power level for the users, and their QoS requirements2. Note that, here, our
QoS definition only covers the computation rate. Other QoS metrics such as latency may
also be likely. In (3.8), based on the offloading mode selected by a userm, Rm(t) is obtained
from equations either (3.2), (3.4), or (3.6).

At a given time t, let ηm(t) denote the immediate reward function for user m in terms
of computed bits and cost. Specifically, computed bits is the most commonly used metric
to formally express the objective function, e.g., computation efficiency. For instance, in
reference [4], the objective is maximizing the computation efficiency, defined as the ratio
of computed bits to the consumed energy. In [1], we also define the immediate reward for
a given user in terms of the computed bits, i.e., the difference between the computed bits
and consumed energy for the users. To formally express the immediate reward function for
the user, we use the equations for the computed bits and consumed energy in reference [4]
(i.e., equations (3.2),(3.3), (3.4), (3.5), (3.6), (3.7)). This reward function corresponds to
the computation efficiency. So, we can express,

ηm(t) = Rm(t)− wmEm(t),

where wm is the unit price of energy which is consumed by user m for offloading3. By
employing the offloading indicators, α(t) and β(t), we extend the above equation and
restate it in (3.9).

2In [1], the main objective is to maximize the long-term reward for the users (which is given in terms of
the computation efficiency). At the same time, we aim to satisfy their QoS requirements. However, there
is no strict guarantee for satisfying QoS for all users. We assume users are admitted as long as QoS can
be satisfied.

3For a given user m, wm can be set by using (A.4) . The details are discussed in Appendix A.2.
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Problem Formulation: Joint Resource Allocation and Offloading Management

To formulate our problem, we use the immediate reward for a given user m stated in
equation (3.9). In doing so, let Φm denote the long-term reward for user m. Φm is given
(in 3.10) as the weighted sum of the immediate rewards for user m over the finite time T
as follows,

Φm =
T−1∑
t=0

λtηm(t), (3.10)

where λ ∈ [0, 1) is the discount factor to determine the weight of the future reward. In
(3.10), if λ = 0, only the immediate reward is taken into account. Meanwhile, when λ < 1,
the weighted immediate reward (i.e., λtηm(t)) in the future is less than that in the earlier
periods. Accordingly, to concurrently maximize the long-term reward for each user m, we
formulate the problem of joint resource allocation and offloading management (JROM)
as an optimization problem. That is,

max
p,f ,α,β

Φm ∀m ∈M. (3.11)

In the optimization problem (3.11), the users concurrently try to maximize their long-term
rewards. Based on (3.9) and (3.10), in optimization problem (3.11), when a user m offloads
its computation task either partially or completely at the MEC server, maximizing the long-
term reward for user m corresponds to maximizing the long-term number of computed
bits for that user while minimizing the consumed energy for offloading, and computing.
Minimizing the consumed energy for offloading corresponds to minimizing the interference
imposed on the user.

Note that the optimization problem in (3.11) is a multi-objective non-convex optimiza-
tion problem with combinatorial characteristics; therefore, obtaining a globally optimal
solution for (3.11) is challenging. Furthermore, employing the traditional method in op-
timization theory for addressing (3.11) would require nearly complete information about
the environment. In what follows, we use RL, particularly the Multi-Agent Reinforcement
Learning (MARL) method, to concurrently optimize the users’ long-term rewards. We
assume that the users can get the global state information with message exchanges.

To simultaneously optimize the long-term reward for the users, we first formulate a
stochastic game. Then, we employ MARL and propose a method to solve it. The obtained
equilibrium would be an optimal solution for the optimization problem in (3.11).
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Stochastic Game Formulation

We assume that the users do not have complete information about the network environ-
ment; additionally, they are selfish and rational. Each user sets its own UL transmit power
level and CPU frequency for offloading to maximize the long-term reward. At any given
time t, the immediate reward for each user is given in terms of the current state of the net-
work environment and other users’ action in the environment. The next state is influenced
by the current state and the actions selected by all users. Therefore, this optimization
issue can be formulated as a stochastic game G = ⟨M,S,Am, Pss′ , ηm⟩ [59] where,

• M is the set of users,

• S is the set of possible states,

• Am is the set of actions for user m,

• P is the transition probability function, and

• ηm is the reward function for user m.

Given a time t, let s(t) be the state indicating whether any user m ∈M meets its own
QoS requirement or not. That is, s(t) = [sm(t)]

T
m∈M, where sm(t) ∈ {0, 1}, ∀m ∈ M. In

more details, for a given user m, if (3.8) holds true, then sm(t) = 1; otherwise, sm(t) = 0.
Accordingly, the number of possible states is 2M, and it will increase exponentially as M
grows.

At time t, user m must choose the offloading mode. Therefore, the action space for a
given user m is the set of all offloading modes that the user can opt. By using the values
for αm and βm (the offloading indicators for user m), we define Am = {am|am = αmβm}
where αmβm ∈ {1x, 00, 01}. For user m, αmβm = 1x corresponds to partial offloading
mode, αmβm = 00 is for binary offloading mode with completely local computation, and
αmβm = 01 is for binary offloading mode where computation is wholly performed at MEC
server. Accordingly, the number of possible actions for user m is 3.

We define the set A as the Cartesian product of the action space for the users, i.e.,
A = A1 × . . .×AM . Let a = (a1, . . . , aM) and a ∈ A is the action vector (action profile)
for the users where am ∈ Am. The state transition probability function is a function from
S × A × S to [0, 1] (i.e., P : S × A × S → [0, 1]). Specifically, the state space is given in
terms of the number of computed bits for each user and the minimum QoS requirements.
Based on the former computed bits and the equations (3.2), (3.4), and (3.6), the state is
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a function over CPU frequency, UL transmit power level and the path gain for the users.
Additionally, the action space is given in terms of the offloading scheme for the users.
Accordingly, the transmission probability is related to minimum QoS requirements, CPU
frequency, UL transmit power level, the path gain and the offloading scheme for the users.
Additionally, Pss′(a) is the probability of transition to state s′ if the action profile a is
employed by the users in state s. Given a−m = (a1, . . . , am−1, am+1, . . . , aM), the reward
for user m, i.e., ηm(t) can be given by ηm(t) = ηm(s(t), am, a−m).

Let (a∗m, a
∗
−m) be a possible solution for the game. We say (a∗m, a

∗
−m) is a Nash equi-

librium (NE) , if, for any given s ∈ S and user m ∈ M, the following inequality holds
true [100],

ηm(s, a
∗
m, a

∗
−m) ≥ ηm(s, am, a

∗
−m) ∀am ∈ Am. (3.12)

As shown in [100], for user m, the action a∗m can be regarded as the best response to the
others, and no user can benefit from unilateral deviation.

This stochastic game is episodic, where the state is reset at the end of each episode to
start a new one. Additionally, for any episode, the policy is composed of states, actions,
and rewards which can be also used to obtain accumulative rewards from the environment.
Therefore, the information about the reward function for each user and state transition
are required to find the NE. However, the mentioned information is unknown to each user,
creating the main challenge in solving the game. To deal with this challenge, an RL-based
method obtains a NE point at each state s. The details are given in what follows.

Multi-agent RL Method for Addressing JROM Problem

Markov properties are used in this part to find a NE for the stochastic game G. To describe
this stochastic game, we introduce a finite Markov decision process (MDP) and propose a
multi-agent Q-learning method to solve it.

To describe the MDP, we use the discrete state space S for the environment states, the
discrete action space Am for the possible actions of any user m, η1, . . . , ηM for the reward
functions for the users, and Pss′(π) for the state transition probability under the policy
vector π = (π1, . . . , πM).

Given an unknown stochastic environment, to maximize the long-term reward for each
user, the RL methods have been used in [61] to find the optimal policy. In [1], based on
its distributed characteristic, we employ collaborative MARL with local states. Let π∗

m be
the optimal policy for a user m which is a function from state space S to the action space
for the user, i.e., π∗

m : S → Am. Note that the number of computed bits for each user
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should be known in order to choose the next state, based on (3.8). Therefore, at any state
s ∈ S, to maximize its state-value function, each user tries to learn a∗m = π∗

m(s) where
π∗
m(s) ∈ Am. The state-value function for user m is the accumulative expected discounted

reward for the user from a given state.

For a given policy vector π = (πm,π−m), let Vm(s, πm,π−m) denote the state-value
function for user m at state s. Given state s and policy vector π, the state-value function
for user m, i.e., Vm(s, πm,π−m), is defined as [61],

Vm(s, πm,π−m) = E
[ T−1∑

t=0

λtηm

(
s(t), πm(t),π−m(t)

)
| s(0) = s

]
,

(3.13)

where E[.] denotes the expectation operator. By extending (3.13), we have [33],

Vm(s, πm,π−m) = um(s, πm,π−m)

+ λ
∑
s′∈S

Pss′(π)Vm(s
′, πm,π−m),

(3.14)

where um(s, πm,π−m) = E[ηm(s, πm,π−m)]. Additionally, given action am ∈ Am and state
s ∈ S, let Qm(s, am) denote the action-value function for user m under policy π4. The
action-value function for user m is stated as:

Qm(s, am) = E
[ T−1∑

t=0

λtηm

(
s(t), πm(t),π−m(t)

)
| s(0) = s, am(0) = am

]
,

(3.15)

As mentioned in [61], for an agent, the optimal state-value function and action-value func-
tion are obtained under the optimal policy. Let π∗ = (π∗

m,π
∗
−m) denote the optimal policy

vector for the users. We say π∗ = (π∗
m,π

∗
−m) is a NE, if for any given user m and any πm,

the following inequality holds true at each state s ∈ S,

Vm(s, π
∗
m,π

∗
−m) ≥ Vm(s, πm,π

∗
−m). (3.16)

To find the NE (π∗
m,π

∗
−m), it is required to address a MDP problem which is given by [33],

Vm(s, π
∗
m,π

∗
−m) = max

am∈Am

Q∗
m(s, am), (3.17)

4For more convenience, given state s and action am for a user m, we use the notation Qm(s, am) instead
of Qm(s, am, πm,π−m) for action value function for that user under policy π.
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wherein for a given state s and action am ∈ Am, Q∗
m(s, am) is the optimal action-value

function for user m, and it is obtained from the following optimal Bellman equation,

Q∗
m(s, am) = um(s, am,π

∗
−m)

+ λ
∑
s′∈S

Pss′(am,π
∗
−m)Vm(s

′, π∗
m,π

∗
−m).

In the above equation, for a MEC-enabled wireless network, it is challenging to receive
the information about the state transition probability [i.e., Pss′(am,π−m)]. We use the
Q-learning method proposed in [62] to deal with this challenge. In the Q-learning method,
the optimal policy for a user m (i.e., π∗

m) can be found recursively by using the available
information [s, am, s

′, um(s, am,π−m)]. Based on [62], at a state s ∈ S, for a given action
am ∈ Am, the action-value function for a user m is updated as follows,

Qm(s, am)← Qm(s, am) + δ[um(s, am,π−m)

+ λ max
a′m∈A

Qm(s
′, a′m)−Qm(s, am)],

(3.18)

where δ is the learning rate to determine the update of Qm(s, am).

3.2.2 JROM Algorithm

Up to now, to simultaneously maximize the long-term reward for the users, as provided in
optimization problem (3.11), in an unknown stochastic environment, we have first expressed
the stochastic game G = ⟨M,S,Am, Pss′ , ηm⟩ in Subsection 3.2.1. We then used the Q-
learning MARL method to find a NE for the game. In this section, we complete our
discussion and derive an algorithm for solving the JROM problem.

Offloading Mode Selection

One of the challenges in RL is the tradeoff between exploration and exploitation. To balance
the ratio of exploration and exploitation, ϵ-greedy is a promising policy for action adoption.
In ϵ-greedy policy, at each state, an action is selected randomly with the probability of ϵ,
and the best one (the action that has the maximum action-value function) is chosen with
the probability of 1− ϵ. In [1], we use the ϵ-greedy policy for action selection mechanism
where at each state s, given Qm(s, am),∀am ∈ Am for user m, the action, i.e., offloading
scheme, is chosen by using ϵ-greedy policy stated as,

am =

{
arg max

a∈Am

Qm(s, a) with probability of 1− ϵ,

randomly selected from Am with probability of ϵ.
(3.19)
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ηm(p, fm) =
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+
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log

(
1 +

hmpm
M∑
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(αi + βi)hipi + σ2
0

)
−wm

(
τ0Pr,m + ϵτ(pm + Pc,m) + Tγcf

3
m

)
if am = 1x,

Tfm
C
− wm

(
τ0Pr,m + Tγcf

3
m

)
if am = 00,

Bτ

νm
log

(
1 +

hmpm
M∑

i>m

(αi + βi)hipi + σ2
0

)
−wm

(
τ0Pr,m + ϵτ(pm + Pc,m)

)
if am = 01 .

(3.20)

Resource Management: Power Control and Frequency Selection

Given the action chosen by the users in a state, adequate resources should be allocated to
the users for performing their tasks. Specifically, for a user m, given state s ∈ S, and given
action am ∈ Am (i.e., given αm, βm), the immediate reward for the user is given in (3.20).
In equation (3.20), as explained before in Subsection 3.2.1, each member in action space
for user m corresponds to offloading scheme (given by αm and βm). Specifically, the binary
sequence αmβm = 1x corresponds to partial offloading mode at the MEC server, αmβm = 00
is for the binary offloading mode where computation is completely performed at the user
side, and αmβm = 01 corresponds to the binary offloading mode where computation is
completely performed at MEC server.

As mentioned before, an environment state s indicates whether the QoS requirement
for any user is satisfied or not. Therefore, the number of computed bits for each user
should be obtained to choose the next state, based on (3.8). In doing so, the transmit
power level and the CPU frequency for each user m (i.e., pm and fm, respectively) should
be set. The users try to simultaneously maximize their immediate reward (based on their
current state and their chosen action). Let us call the above problem as joint power control
and frequency selection (PCFS). The problem of PCFS can be expressed as follows,

max
0≤p≤p,0≤fm≤fm

ηm(p, fm) ∀m ∈M. (3.21)

In the following,M1 denotes the set of users either partially offloading their computation
task or completely performing it locally, i.e.,M1 = {m ∈M | αmβm = 1x or αmβm = 00},
M2 denotes the set of users either partially or completely offloading their computation
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task onto MEC server, i.e., M2 = {m ∈ M | αmβm = 1x or αmβm = 01}. The following
theorem can obtain an optimal solution for the above optimization problem.

Theorem 3.1. Given action vector a = [am]
T
m∈M for the users, let (p∗, f∗) be an optimal

solution for (3.21), where f∗ = [f ∗
m]

T
m∈M and p∗ = [p∗m]

T
m∈M. Then, we have,

f ∗
m =

√
(3γcCwm)−1 if m ∈M1 (3.22)

and
p∗m =

B

ϵνmwm

− Im(p
∗)

hm
if m ∈M2. (3.23)

In the above equations, Im(p∗) =
∑

i>m,i∈M2

hip
∗
i + σ2

0 and hi is the path gain between user i

and the BS.

Proof. See Appendix A.1.

Based on the above theorem, for any user m ∈ M1, the CPU frequency would be
conveniently set to the value given in (3.22). For a user m ∈ M2, the UL transmit power
level for their offloading task can be obtained by using the closed-form expression in (3.23).
Let p2 = [pj]

T
j∈M2

denote the UL transmit power vector for the users in M2, offloading
their tasks onto MEC server (either partially or completely). By performing some matrix
operations at the BS, the UL transmit power vector for users, i.e., p2, are obtained by
solving the following equation,

p2 = D−1Γ, (3.24)

where Γ =
[ B

ϵνmwm

− σ2
0

hm

]T
m∈M2

and D = [dim] is a | M2 | × | M2 | matrix where

dim =
hi
hm

if i ≥ m; otherwise, dim = 0. It is worth mentioning that in equation (3.24) and

(3.22), for a given user m, the transmit power level and the CPU frequency for that user
are limited to the values pm and fm, respectively. Therefore, for any given user m ∈ M,
the unit price of consumed energy for offloading should be set properly, which is discussed
in detail in Appendix A.2.

Based on the above discussion, we propose the JROM algorithm in Algorithm 3.1.

In the JROM algorithm, at each step for a given episode, first, a user m chooses its
action by using the ϵ-greedy algorithm, (3.19). The selected action am corresponds to the
offloading mode chosen by user m to perform its computation either partially at the MEC
server, completely at the MEC server, or completely locally at the user side. Then, given
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Algorithm 3.1 Proposed JROM algorithm
Input: The action set for each user (i.e., Am,∀m ∈ M) consisting of actions (partial

offloading, binary offloading with completely local computation, binary offloading
with complete computation at MEC), duration of offloading at MEC (i.e., τ), QoS
requirement for each user (i.e., Rmin

m ,∀m ∈M);
Output: Optimal policy (i.e., the optimal sequence of actions) for satisfying the QoS

requirement for all users (if the network is feasible) or a subset of users (if the
network is infeasible);

Initialize: For any given state s ∈ S, any user m ∈ M, and action am ∈ Am set action-
value Qm(s, am) to an arbitrary value;

1: procedure
2: for each episode do
3: Initialize the network state s;
4: Initialize the unit price for consumed energy (i.e., wm,∀m ∈M) by using (A.4);
5: for each step do
6: At state s, each user m ∈ M chooses am by employing the ϵ-greedy

policy in (3.19);
7: Based on the selected action am, the CPU frequency and uplink trans-

mit power level for each user m ∈M (i.e., fm and pm) are obtained by
using (3.22) and (3.24), respectively;

8: Given p, f , a, each userm ∈M checks if its QoS requirement is satisfied
or not by using (3.8);

9: All users obtain the next state s′ through the message passing. Set
s← s′;

10: Each user m ∈M updates Qm(s, am) by using (3.18);
11: if the QoS for each user is satisfied; i.e., s = 1 then
12: break;
13: end if
14: end for
15: end for
16: end procedure
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am, user m obtains the CPU frequency and UL transmit power level for offloading onto
the MEC server (i.e., fm and pm, respectively). Now, the users are ready to obtain the
next state s′ by checking if their QoS requirements are satisfied or not. Having the next
state s′, each user m ∈ M updates its action-value based on the updating function in
(3.18). Obviously, when equation (3.8) holds true for all users (i.e., for all m ∈ M, we
have sm(t) = 1 and thus s = 1), the current episode terminates; otherwise, the task for
updating the action-value of the users continues for T steps. When the algorithm stops,
if the network is feasible, the optimal policy corresponding to the sequence of offloading
modes selected by the users at each step is obtained. Additionally, the QoS requirements
for the users are satisfied. Otherwise, if the network is infeasible, the obtained optimal
policy would not result in satisfying the QoS requirements for all users.

3.2.3 Deep RL for Joint Resource Allocation and Offloading

In the previous sections, we used a Q-learning-based MARL method to address the JROM
problem, and we proposed Algorithm 3.1. Note that in our proposed algorithm, by
increasing the number of users, the number of states would increase exponentially; thus,
the employed Q-learning-based method would not perform effectively in finding the optimal
policy. In this section, we resort to deep learning and use the DRL-based form in [58] to
deal with the mentioned issue.

In high-dimensional problems (problems with either huge state space or huge action
space), the non-linear function approximation methods, e.g., neural networks, can be em-
ployed to obtain the value functions. For instance, in our problem, when the number of
users, and consequently the number of states, increase to learn all action values for all
states, we can learn the parametrized action-value function for a given user. Let us de-
note Qm(s, am,θ) as the parametrized action-value function for a user m ∈ M. Given
[s, am, um(s, am), s

′], by using a DNN to approximate the action-value function for a user,
the DQL algorithm for updating parameter θ is given by [61],

θ ← θ + ζ(Y Q
m −Qm(s, am,θ))∇θQm(s, am,θ). (3.25)

In (3.25), ζ is a scalar step size, and the target for user m is given by,

Y Q
m = um(s, am) + λ max

a′∈Am

Qm(s
′, a′,θ). (3.26)

To improve the performance and conquer the learning instability, the DQN algorithm
[63] can be employed to update DNN parameters. In DQN, a target network, online
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network and the experience replay are used to update the parameters. Let θ− and θ
be the parameters for the target and online networks, respectively. The parameters of
the online network are copied after every N step to the target network so that θ− = θ.
Accordingly, the target used by DQN is,

Y DQN
m = um(s, am) + λ max

a′∈Am

Qm(s
′, a′,θ−), (3.27)

and by replacing Y DQN
m in (3.25), we have,

θ ← θ + ζ(Y DQN
m −Qm(s, am,θ))∇θQm(s, am,θ). (3.28)

As depicted in Fig. 2.2, the target network is used to obtain YDQN
m (which is stated in

equation (3.27)). Also, as mentioned in reference [33, 58], the loss function is given in
terms of the difference between YDQNm and the Q-value obtained from the online net-
work. To optimize the loss function, the parameters for the online network are updated
by using the updating function in equation (3.28). Additionally, the observed transitions
[s, am, um(s, am), s

′] which are stored in the experienced memory (replay buffer) D, are
sampled uniformly as mini-batches to train the online network. This would result in con-
quering the learning instability and preventing the optimal policy from being driven to a
local minima [33].

In both Y Q
m and Y DQN

m , the max operator results in overoptimistic value estimation.
To deal with this issue, we use double DQN (DDQN) algorithm in [58]. In the DDQN
algorithm, the selection is decoupled from the evaluation [58]. By using the online network
with parameter θ and target network with parameter θ− the target for DDQN is given by,

Y DDQN
m = um(s, am) + λQm(s

′, arg max
a′∈Am

Qm(s
′, a′,θ),θ−). (3.29)

By replacing Y DDQN
m in (3.25), we have,

θ ← θ + ζ(Y DDQN
m −Qm(s, am,θ))∇θQm(s, am,θ). (3.30)

Now, based on the above discussion, we can use the DDQN algorithm to extend the
JROM algorithm. We call the extended algorithm as DJROM algorithm and present it
in Algorithm 3.2.

In the DJROM algorithm, in each step, for a given state s, each user m ∈M estimates
the action-value Qm(s, am,θ),∀am ∈ Am. The users use the estimated action values, and
by employing the ϵ-greedy algorithm, the action am is selected by each user m ∈ M. As
mentioned before, the selected action am corresponds to the offloading mode chosen by
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Algorithm 3.2 Proposed DJROM algorithm
Input: The action set for each user, i.e., Am,∀m ∈ M consisting of actions (partial

offloading, binary offloading with completely local computation, binary offloading
with complete computation at MEC), and duration of offloading at MEC (i.e., τ);

Output: Optimal policy (i.e., the optimal sequence of actions) for satisfying the QoS
requirement for all users (if the network is feasible) or a subset of users (if the
network is infeasible);

Initialize: Initialize experience memory D, neural network parameters θ, and the target
network replacement frequency N ; CU ← 0; Initialize both online network and
target network with weights θ;

1: procedure
2: for each episode do
3: Initialize the network state s;
4: Initialize the unit price for consumed energy (i.e., wm,∀m ∈M) by using (A.4);
5: for each step do
6: Any given user m ∈M approximates action-value Qm(s, am,θ), ∀am ∈

Am by using online network;
7: At state s, each user m ∈ M chooses am by employing the ϵ-greedy

policy in (3.19) where Qm(s, a)← Qm(s, a,θ),∀a ∈ Am;
8: Based on the selected action am, the CPU frequency and uplink trans-

mit power level for each user m ∈M (i.e., fm and pm) are obtained by
using (3.22) and (3.24), respectively;

9: Given p, f , a, each userm ∈M checks if its QoS requirement is satisfied
by using (3.8);

10: All users obtain the next state s′ through the message passing. Set
s← s′;

11: Each user m ∈M stores the transition (s, am, um(s, am), s
′) in D;

12: Each user m ∈ M samples random mini-batch of transitions
(s, am, um(s, am), s

′) from D;
13: The parameters for online network, θ, is updated using (3.30);

CU ← CU + 1;
14: if CU == N then
15: θ− = θ; CU ← 0;
16: end if
17: if the QoS for each user is satisfied, i.e., s = 1 then
18: break;
19: end if
20: end for
21: end for
22: end procedure

50



the user m to perform its computation either partially at the MEC server, or completely
at the MEC server, or locally at the user side. Then, given am, user m obtains the CPU
frequency and uplink transmit power level for offloading at the MEC server, fm and pm,
respectively. When the users obtain the next state s′ (by checking if their QoS requirements
are satisfied or not), and their immediate reward (i.e., um(s, am),∀m ∈M), the transition
[s, am, um(s, am), s

′] would be stored in the replay memory D. What’s more, the users
randomly sample mini-batch from memory D and update the parameters for the online
network, i.e., θ, by using the update function in (3.30). When equation (3.8) holds true
for all users (i.e., for all m ∈ M, we have sm(t) = 1 and thus s = 1), the current episode
terminates; otherwise, the task continues for T steps. When the algorithm stops, if the
network is feasible, the optimal policy corresponding to the sequence of offloading modes
selected by the users at each step is obtained. Additionally, the QoS requirements for the
users are satisfied. Otherwise, if the network is infeasible, the obtained optimal policy
would not result in satisfying the QoS requirements for all users.
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The user m uses the online network to
approximate the action value functions. Then,
by using the epsilon greedy policy, it selects
the offloading scheme for performing a task
locally or partially/completely offloading it
onto the MEC serve.

The user m saves the experience
[𝒔, 𝑎! , 𝜂!𝒔"] in 𝒟!.

The user m updates the
parameters of the DNNs by
uniformly sampling from 𝒟! and
set s ← 𝒔"
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The BS obtains the next state
𝒔" and broadcast among the users

𝒔!

If the QoS requirement for the user is satisfied or not

Based on the offloading scheme, user m adjusts
its CPU frequency and its UL transmit power
level. Then user m updates its achievable rate
and its reward 𝜂!. Also, the UE checks if its
QoS requirement is satisfied or not and sends it
to the BS.

Figure 3.1: The message passing between the BS and user m for offloading a task and
adjusting the CPU frequency and UL transmit power level for the user at a given time t .

3.2.4 Complexity Analysis

Based on Algorithm 3.2, the message passing between the BS and user m at a given time
t is depicted in Fig. 3.1. Seen are two main parts: action selection and training the online
DNN. The complexity analyses for each part are provided in what follows.

Action selection complexity: For a given user m, based on Algorithm 3.2, the
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action selection corresponds to offloading scheme in order to perform a task locally or to
partially/completely execute it at the MEC server. This would be the most complicated
part of the algorithm.

Given the fully connected online DNN with a fixed number of hidden layers and neurons
in each of them, for a given input, the computational complexity is pertinent to the sum of
input and output sizes [101]. The input size for the online DNN corresponds to the state
vector dimension, and it equals M . So, the complexity of estimating the Q-value is O(M).
Besides, each user m should select the Q-value corresponding to three offloading schemes;
therefore, the computational complexity for action selection is O(M + 3) = O(M).

Training process complexity: To obtain the complexity for training, the forward
and backward propagation complexities should be considered. Let Tm be the training
batch used to update the weights for the online DNN. For a given user m, based on
equations (3.29) and (3.30), the Q-value function for updating the weights of the online
DNN is needed. In the previous part, for a fixed number of hidden layers and neurons,
the complexity of the Q-values was obtained. By considering the training batch, the
forward propagation complexity would be O(Tm×M). Additionally, the complexity of the
backward propagation algorithm corresponds to the product of the size of the input and
output layers [101]. For a given user m, the size for the output of online DNN is 3. So,
the backward propagation complexity is O(Tm × 3 ×M). As a result, the computational
complexity for training procedure corresponds to O(Tm × 3×M).

3.2.5 Simulation Results

In the simulations, we consider a single BS, a single MEC server and M number of users,
which varies between 2 and 30. The users are uniformly distributed through the coverage
area, which is a 200× 200 square unit. The simulation parameters are given in Table 3.1.
The structure of the DNN is composed of an input layer (the number of users), one hidden
layer with 256 neurons and an output layer with 3 neurons. Additionally, ReLU func-
tion is used as the activation function. The Adam optimization approach is used in the
weight-updating process. It is worth mentioning that the hyper-parameters for our train-
ing method such as learning rate (i.e., λ), ϵ-greedy, the number of hidden layers and the
number of neurons in the hidden layers, have been tuned through the simulations. Due to
space limitations, those results are not presented here.

We first consider the scenario with the fixed location of the users. We compare the
performance of DDQN learning method to DQN in (3.27) and DQL in (3.26). We call these
approaches MARL-DQN and MARL-DQL, respectively. Then, we consider the scenario
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Table 3.1: Network parameters and hyperparameters for the proposed resource allocation
and offloading algorithms

Parameters Value
The communication bandwidth (B) [4] 2 MHz
The noise power (σ2

0) 10−9 Watt
The number of cycles for one bit (C) [4] 1000
The capacitance coefficient (γc) [4] 10−28

The maximum power for each user m (pm) [4] 0.005 Watt
The maximum frequency of CPU for each user m (fm) 2 GHz
The received power (Prk) [4] 0.0032 Watt
The constant circuit power (Pck) [4] 0.0032 Watt
The amplifier coefficient (ϵ) [4] 3
The communication overhead for user m (νm) [4] 1.5
Number of episodes [33] 500
Number of steps [33] 500
Discount factor (λ) [33] 0.9
ϵ-greedy [33] 0.1
Learning rate (δ) 0.01
Replay memory (D) size [33] 500
Optimizer [33] Adam
Activation function [33] ReLU

wherein the users are mobile and repeat the simulations5. In both scenarios, we compare the
performance of the algorithms above with that of a brute-force-based algorithm wherein
an exhaustive search obtains the offloading scheme of each user at each state through
all possible offloading schemes. In the brute force-based algorithm, the computational
complexity increases exponentially with an increase in the number of users. Therefore,
the simulation results are reported for the maximum number of 10 users. Note that,
we only evaluate the performance of DJROM, since JROM version suffers from state-
action pair explosion for a large number of users. Additionally, in each scenario above, by
considering 95% confidence level, the range of plausible values [Confidence Interval (CI)]
for the parameters used to evaluate the algorithm performances are very small. All the

5In the first scenario where the users are fixed, the path gain for the users are given before and will not
change for each episode. In the second scenario with moving users, the path gain for the users are given
before; however, they will change for each episode.
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Figure 3.2: Average reward in terms of computation efficiency versus the number of episodes
for different learning rates.

simulation results are obtained through 500 independent simulation runs. In each scenario,
the number of users is increased as long as the user QoS requirements are met.

Training Evaluation with Different Learning Hyperparameters

In this subsection, JROM algorithm which is based on the DDQN algorithm, is evaluated
by four different values for the learning rates. As illustrated in Fig. 3.2, for the last three
learning rates, i.e., δ = 0.01, δ = 0.1 and δ = 0.5, fewer training steps would be required
to converge than those required for δ = 0.001. We consider δ = 0.01.

Performance Evaluation with Fixed Devices

In this subsection, we consider the users with fixed locations. We evaluate the performance
of DJROM algorithm with those of MARL-DQN, MARL-DQL algorithms, and Pratially
Offloading Resource Allocation (PORA) algorithm in Appendix A.3, respectively. Both
binary and partial offloading are considered in the deep Q-learning-based algorithms. The
objective is to simultaneously maximize the long-term reward for the users. However, in
the PORA algorithm, only partial offloading is considered, and the objective is to simul-
taneously maximize the immediate reward.

For each user m ∈ M, we have 0 ≤ Rmin
m ≤ R where Rmin

m is its maximum QoS
requirement. Additionally, R = 0.3 Mbps, is the maximum assigned QoS requirement value
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Figure 3.3: Average total computed bits versus the number of users for the scenario with
fixed users where 2 ≤M ≤ 30.
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Figure 3.4: Average total transmit power level versus the number of users for the scenario
with fixed users where 2 ≤M ≤ 30.

of each user. Figs. 3.3, 3.4, and 3.5 illustrate the average total computed bits, the average
total uplink transmit power level for the users, and average total computation efficiency
(i.e., the ratio of the computed bits to the consumed power) for the users, respectively.

As illustrated in Fig. 3.3, the total average number of computed bits for the users
increases with the growth in the number of users. Moreover, as the number of users
increases, DJROM algorithm shows better performance (in terms of the total average
number of computed bits for the users) than the other MARL-based algorithms, MARL-
DQN and MARL-DQL. This is because of mitigating over-optimistic estimation of Q-values
in the DDQN method, which is used in DJROM algorithm.

Based on Fig. 3.4, as the number of users increases, the total average transmit power
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Figure 3.5: Average total computation efficiency versus the number of users for the scenario
with fixed users where 2 ≤M ≤ 30.
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Figure 3.6: Average total computed bits versus the number of users for the scenario with
fixed users where 32 ≤M ≤ 50.

level for the users grows. However, DJROM and MARL-DQN algorithms demonstrate
better performance (in terms of the total transmit power level for the users) than the
MARL-DQL algorithm.

In Fig. 3.5, it is demonstrated that the total average of computational efficiency for
the users increases when the number of users grows. In DJROM algorithm, because of
decoupling selection from evaluation [58], the performance (in terms of the total average
of computational efficiency for the users) is better than those of MARL-DQN and MARL-
DQL algorithms. By using DJROM algorithm, the performance improves by 11.27%.

In Figs. 3.3, 3.4, and 3.5, it is illustrated that the Q-learning based algorithms perform
better than PORA in terms of computation efficiency, number of computed bits, and power
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Figure 3.7: Average total computation efficiency versus the number of users for the scenario
with fixed users where 32 ≤M ≤ 50.

consumption. It is likely because in PORA algorithm, only the partial offloading scheme is
used which can lead to the consumption of more energy and computation resources. [102].

Moreover, we repeat the simulation for this scenario where the number of users varies
between 32 and 50 and compare the performance of DJROM algorithm with that of the
MARL-DQN algorithm in terms of the average total computation efficiency and average
total computed bits. With an increase in the number of users, Figs. 3.6 and 3.7 illustrate
that the performance of the DJROM algorithm is better than that of the MARL-DQN
algorithm. For this scenario, by using DJROM algorithm, the performance in terms of
the computation efficiency improves by 7.3%.

Performance Evaluation with Mobile Users

We consider mobile devices which move according to the random waypoint mobility model.
The small-scale fading is modeled as the Rayleigh fading with unit scale. In this situa-
tion, the performance of DJROM algorithm and those of MARL-DQN and MARL-DQL
algorithms are evaluated.

Figs. 3.8, 3.9, and 3.10 illustrate the average total computed bits, average total UL
transmit power level for the users, and average total computation efficiency (i.e., the ratio
of the computed bits to the consumed power for a user) for the users, respectively.

As illustrated in Fig. 3.8, the total average number of computed bits for the users
increases with the growth in the number of users. As the number of users increases,
DJROM algorithm displays slightly better performance (in terms of the total average
number of computed bits for the users) than the other algorithms.
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Figure 3.8: Average total computed bits versus the number of users for the scenario with
mobile users.
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Figure 3.9: Average total transmit power level versus the number of users for the scenario
with mobile users.

Based on Fig. 3.9, the total average transmit power level for the users grows as the
number of users increases. However, for the situations with more than 20 users, DJROM
algorithm and MARL-DQN algorithm show better performance (in terms of the total
transmit power level for the users) than the MARL-DQL algorithm. This is expected owing
to the use of the target network and the experience replay. In Fig. 3.10, it is displayed
that the total average of computational efficiency for the users increases when the number
of users grows. Specifically, DJROM algorithm performs better (in terms of the total
average of computational efficiency for the users) in the networks with more than 20 users.
This may be because of mitigating the over-optimistic Q-values estimation compared to
the MARL-DQN and MARL-DQL algorithms. Specifically, by using DJROM algorithm,
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Figure 3.10: Average total computation efficiency versus the number of users for the sce-
nario with mobile users.

the performance improves by 3.32% for 30 users.
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3.3 Distributed Multi-Agent Learning for Service Func-
tion Chain Partial Offloading at the Edge

Using Network Function Virtualization (NFV), SFCs, a set of ordered VNFs can be de-
ployed within the MEC infrastructure. The UEs can offload VNFs with intense compu-
tational load to the MEC servers with rich storage and computation resources. In this
section, we address the partial offloading of a chain of services where each VNF of the SFC
request can either be performed locally or offloaded onto a MEC server [2]. The objective
is to concurrently minimize the long-term cost of the UEs, which is given in terms of both
delay and energy consumption. This problem is highly complex and calls for distributed
multi-agent learning techniques. We formulate the problem as a distributed multi-agent
reinforcement learning problem and use the DDQN algorithm to solve it. Our simula-
tion results show that the proposed DDQN-based solution has comparable results to an
exhaustive search algorithm.

3.3.1 System model and Preliminaries

We consider a multi-server MEC system consisting of one AP, several MEC servers denoted
byM = {1, . . . .M} and a set of UEs denoted by U = {1, . . . , U}. The bandwidth is equally
divided among the UEs. Each UE u has a SFC request denoted by V u, which consists of
several dependent VNFs. The AP is the gateway for the MEC servers in the edge cloud.
Additionally, two given MEC servers in the edge cloud are assumed to be reachable to each
other through the backhaul network. Let hu, be the path-gain between UE u and AP in
both UL and DL directions, pUu and pDu be the UL and DL transmit power levels for the

UE, respectively. Denoting UL SINR by γUu and DL SINR by γDu , we have γUu =
hup

U
u

σ2
and

γDu =
hup

D
u

σ2
, where σ2 is the noise power. Accordingly, the UL and DL rates for the UE u

are given by RU
u = B log2(1 + γUu ) and RD

u = B log2(1 + γDu ), respectively, where B is the
communication bandwidth.

In [2], the physical MEC infrastructure is modeled as an undirected graph, and the SFC
request for each UE u is modeled as a directed acyclic graph. Let G = (M, Ep) denote the
graph for the physical MEC network where Ep is the set of physical links in the network.
Each MEC server has several Virtual Machine (VM)s, each of which supports only one
VNF. We denote the remaining computing capacity and the set of remaining function type
for MEC server m ∈ M by cm and Fm = {1, . . . , Fm}, respectively. Also, the remaining
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bandwidth capacity for the physical link ep ∈ Ep is given by bep . Moreover, we assume that
the bandwidth between the VMs is sufficient to support the VNFs in an SFC [103].

For a given UE u ∈ U , we model the SFC request V u by the graph Gu = (Vu, Eu)
where Vu and Eu are the set of VNFs and the set of virtual link in the SFC, respectively.
Additionally, cvu is the computing demand for VNF vu ∈ Vu, Fvu is the function type for
VNF vu ∈ Vu, and beu is the bandwidth demand for virtual link eu ∈ Eu. For convenience,
two VNFs are considered source and destination virtual nodes for the SFC request V u and
are denoted by su and du, respectively [18]. When the VNF su is executed, the SFC request
V u is commenced, and it is terminated when the VNF du is executed.

We consider the partial offloading problem for an SFC request. In this problem, each
VNF in an SFC request can be performed locally or offloaded onto a MEC server. Thus,
the offloading indicator variable avu =

∑
m∈M

av
u

m is defined for a given VNF vu, where avum

is the indicator for offloading VNF vu onto server m. Specifically, avu =
∑

m∈M
av

u

m = 0, if

VNF vu is executed locally; otherwise, if VNF vu is offloaded onto a MEC server m, we
have avu =

∑
m∈M

av
u

m = 1. It is worth mentioning that, for an SFC request V u, the virtual

VNFs su and du are executed locally, i.e., asu = ad
u
= 0. Furthermore, we define the binary

variable ϕeu

ep for mapping the virtual link eu onto physical link ep where ϕeu

ep = 1 if virtual
link eu is mapped onto physical link ep; otherwise, ϕeu

ep = 0.

To obtain the consumed energy for executing an SFC request and its end-to-end delay,
the energy consumption and the delay for each VNF in that request for both local and edge
computing need to be determined. Hence, we first define the finish time and the ready
time for a given VNF vu of an SFC request V u as in [18]. Then, we formulate the energy
consumption and the delay of the VNF for both local and edge computing scenarios, and
compute the finish time and the ready time for VFN vu. Finally, the consumed energy and
end-to-end delay for the SFC request V u are obtained.

Definition 3.1. For VNF vu, let FTvu

l and FTvu

c denote the finish time for local and
edge computing, respectively. Both FTvu

l and FTvu

c correspond to the moment when the
workload (computation demand) for VNF vu is executed. Additionally, let RTvu

l and
RTvu

c be the ready time for local and edge computing, respectively. Both RTvu

l and RTvu

c

correspond to the earliest time when the necessary input data for VNF vu, and the output
data for the predecessor VFN of VNF vu, is ready to initiate the VNF computation.

Local Computing: Let fu
l ≤ f

u

l be the CPU frequency for a given UE u ∈ U which is
limited to the maximum frequency f

u

l . Therefore, the local execution time and the local
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energy consumption for executing VNF vu of SFC request V u is respectively denoted by
τ v

u

l and evul [18]:

τ v
u

l =
cvu

fu
l

, (3.31a)

ev
u

l = κcvu(f
u
l )

2 = κ
(cvu)

3

(τ v
u

l )2
, (3.31b)

where κ is the effective switched capacitance and depends on the chip architecture. In the
sequel, we use the above equations to formulate the local computing finish time and ready
time for VNF vu.

In SFC V u, let VNF k ∈ Vu be the predecessor for the VNF vu. If VNF k is performed
in a MEC server at edge-cloud, then its output data Ok,vu should be transmitted in DL
direction to UE u to execute VNF vu locally. By using the DL rate for UE u, the transmis-

sion time to send the data Ok,vu is given by τDk,vu =
Ok,vu

RD
u

. Therefore, we can express the

local computing ready time and finish time for VNF vu, i.e., RTvu

l and FTvu

l , respectively
as follows [18]:

RTvu

l = (1− ak)× FTk
l + ak × (FTk

c + τDk,vu), (3.32a)

FTvu

l = RTvu

l + τ v
u

l . (3.32b)

In the above equation, FTk
c is the edge computing finish time for VNF k, computed in

what follows.

Edge Computing: Let VNF vu be performed at a MEC server m (i.e., avum = 1 and thus
av

u
=

∑
m∈M

av
u

m = 1). Given fm as the CPU frequency for MEC server m, the time for

performing VNF vu at MEC server m is denoted by τ vum and expressed as [18]:

τ v
u

m =
cvu

fm
(3.33)

Now assume VNF k, the predecessor VNF of VNF vu, is performed locally (i.e., akm =
0,∀m ∈ M and thus ak =

∑
m∈M

akm = 0). Thus, the time and consumed energy for

transmitting the output data Ok,vu to the MEC server m is given by τUk,vu =
Ok,vu

RU
u

and

eUk,vu = pUu τ
U
k,vu , respectively. Therefore, we can express the edge computing ready time and
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finish time for VNF vu, i.e., RTvu

c and FTvu

c as [18]:

RTvu

c = (1− ak)× (FTk
l + τUk,vu) + ak × FTk

c , (3.34a)

FTvu

c = RTvu

c +
∑
m∈M

av
u

m × τ v
u

m (3.34b)

3.3.2 Problem Formulation

In this part, we first express the constraints for the SFC placement, i.e., performing each
VNF of the SFC locally or offloading onto a MEC server, and the cost function for executing
the SFC. We then formulate the optimization problem to minimize the cost function.

Constraints for the SFC placement

Performing NFVs locally or on MEC servers is under the computing capacity, function
types and link bandwidths constraints as follows [103]:∑

vu∈Vu

av
u

m cvu ≤ cm ∀m ∈M, (3.35a)

av
u

m Fvu ∈ Fm ∀m ∈M,∀vu ∈ Vu, (3.35b)∑
eu∈Eu

ϕeu

ep beu ≤ bep ∀ep ∈ Ep. (3.35c)

Additionally, the finish time of a given SFC u is limited by the maximum allowable delay
for UE u (i.e., T u), and VNF vu needs to be offloaded onto only one MEC server. Thus,
we have;

FTdu

l ≤ T u ∀u ∈ U , (3.36a)∑
m∈M

av
u

m ≤ 1 ∀m ∈M (3.36b)

In (3.36a), FTdu

l is the finish time for the VNF du of SFC V u which is in fact the finish
time for that SFC request. As denoted before, VNF du is performed locally.

For the path constraint, let us consider two consecutive VNFs vu and v′u in SFC V u.
For the continuous path, these two VNFs must be placed either at the same MEC server
or UE u. In addition, they can be placed at two different but reachable MEC servers or
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one VNF at a MEC server and another VNF at UE u. Accordingly, the continuous path
constraint can be expressed as follows:∑

m∈M′
u

∑
p∈M′

u

Emp(a
vu

m × av
′u

p ) = av
u × av′

u

+ av
u

(1− av′
u

)+

av
′u
(1− avu) + (1− avu)(1− av′

u

),∀vu, v′u ∈ Vu,∀u ∈ U .
(3.37)

In the above equation, M′
u = M ∪ {u}, i.e., each node in the set M′

u corresponds to
either a MEC server or UE u. Additionally, Emp = 1, if two nodes m and p are reachable
or m = p; otherwise, Emp = 0. We say that the path constraint for SFC request V u is
satisfied if (3.37) holds for every two consecutive VNFs in that request.

Cost function

We define the cost function for a given UE u as the weighted sum of total consumed
energy for executing SFC V u and the corresponding execution time. Specifically, let Eu

denote the consumed energy to execute SFC V u for user u. Obviously, we have Eu =∑
∀vu∈Vu

(1 − av
u
)ev

u

l + (1 − ak)av
u
eUk,vu , where k is the predecessor VNF of the VNF vu.

Accordingly, the energy-time cost function for UE u is given as follows:

χu = αuEu + βuFT
l
du , (3.38)

where αu and βu are positive and αu + βu = 1,∀u ∈ U . In what follows, for UE u, we
use the constraint for the placement of SFC V u and the energy-time cost for the UE to
formulate the immediate cost function for UE u.

For UE u ∈ U and time t ∈ [0, T ), let us denote the immediate cost function by θu(t)
and define it as follows:

θu(t) = χu(t) + ωu(f
1
u(t) + f 2

u(t)), (3.39)

where, f 1
u(t) =

∑
m∈M

∑
vu∈Vu

Fvu

m a
vu

m (t)cvu−cm, f 2
u(t) =

∑
ep∈Ep

∑
eu∈Eu

ϕeu

ep (t)beu−bep . Additionally,

Fvu

m = 1 if Fvu ∈ Fm; otherwise, Fvu

m = 0. More specifically, f 1
u(t) and f 2

u(t) correspond to
the penalty imposed on the cost function of UE u if the constraints (3.35a), (3.35b) and
(3.35c) are not satisfied. Using the immediate cost function for UE u given in (3.39), the
long-term cost for UE u is given by:

Θu =
T−1∑
t=0

λtθu(t), (3.40)

where λ ∈ [0, 1).
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3.3.3 The Proposed MARL-based Method

To concurrently minimize the long-term cost function for the user, we formulate the prob-
lem of SFC offloading as:

min
ϕeu

ep
,avum

Θu ,∀u ∈ U (3.41)

In the above optimization problem, minimizing the long-term cost function for each UE
corresponds to minimizing the execution energy consumption and delay for the users simul-
taneously. Note that (3.41) is an optimization problem with combinatorial characteristic.
Additionally, solving this problem requires nearly complete information about the environ-
ment. To overcome this problem, we resort to MARL.

To describe the MARL-based system, S and Au are used for the discrete environment
state space and the discrete action space, respectively. Specifically, S = {su(t)}∀u∈U where
su(t) = (sE2Eu (t), sPCu (t)) and sE2Eu (t) and sPCu (t) indicate whether the delay constraint for
the UE (i.e., (3.36a)) and the path constraint for the SFC request V u (i.e. expression
of (3.37) for every two consecutive VNFs in SFC request V u), are satisfied, respectively.
Therefore, | S |= 4|U|. Furthermore, Au = {avum , ϕeu

ep}, ∀vu ∈ Vu, eu ∈ Eu,m ∈ M, ep ∈ Ep
and thus | Au |= (| M | +1)|V

u| × (| Ep | +1)|E
u|. Here, an action for user u corresponds

to if a given VNF in SFC request V u is performed locally or offloaded onto a MEC server.
Additionally, it corresponds to mapping virtual links in that SFC onto either physical links
or backhaul between AP and a MEC server. Also, η1, . . . , ηU where ηu = −θu, is used for
the user reward functions.

Based on the above discussion, the problem is high-dimensional with a huge state and
action space. In what follows, we first reduce the dimension of the action space and then
use the DDQN algorithm in [58] to obtain the value functions.

To reduce the dimension of action space for a given UE/agent u, we restate it as
Au = {avum },∀vu ∈ Vu,m ∈ M. Specifically, based on this action space for the agent, a
given VNF of the agent’s request is offloaded to a MEC server or performed locally. So we
have | Au |= (| M | +1)|V

u|. Additionally, let vu and v′u be two consecutive VNFs in SFC
V u. To map the virtual links, we follow;

Find the shortest path between
MEC m and MEC p, if av

u

m = 1 and av
′u

p = 1,
Use the backhaul between
MEC m and AP, if av

u

m = 1 or av
′u

m = 1.

(3.42)

Specifically, based on the above expression, we consider two scenarios. In the first sce-
nario, two consecutive VNFs in a request are mapped onto two different MEC servers. In
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this situation, based on the requested bandwidth for the virtual link and the remaining
bandwidth of the physical links in the MEC network, the shortest path between the MEC
servers is considered by using the Dijkstra algorithm. In the second scenario, only one of
two consecutive VNFs in a request is offloaded onto a MEC server. In this situation, the
virtual link between the two VNFs is mapped onto the backhaul link between the MEC
and AP.

In our high-dimensional problem, the non-linear function approximation methods, e.g.,
neural networks, can be employed to obtain the value functions. Specifically, we can learn
the parametrized action-value function for a given user. Let us denote Qu(s, au,θ) as the
parametrized action-value function for a user u ∈ U . In [2], the DDQN algorithm in [58]
is used to approximate it. By using the DDQN algorithm, not only is the performance
improved by conquering the learning instability, but the overoptimistic value estimation
issue of other Q-learning-based algorithms (e.g., DQN algorithm in [63]) can also be ad-
dressed [58]. We use the DDQN method for the SFC Partial Offloading (SPO) problem
and present our derived scheme in Algorithm 3.3.

3.3.4 Simulation Results

We consider a single AP and four MEC servers connected to the AP via physical links.
Eight different network functions can be provided in the MEC network, and each MEC
server chooses three different network functions from among those. The computing capacity
for each MEC server is randomly chosen between 300 Mcycles and 500 Mcycles, and the
bandwidth of physical links are between 300 MHz and 500 MHz. The number of UEs varies
between 2 and 10. They are uniformly distributed through the coverage area which is a
circular area with a radius 500m. Each UE has a SFC request consisting of 2− 5 different
VNFs. The computing demand for each VNF varies between 10 Mcycles and 20 Mcycles,
the bandwidth of virtual links is between 10 MHz and 20 MHz, and the output of each
VNF is between 1000 Kbytes and 2000 Kbytes.

The rest of the simulation parameters are given in Table 3.2. The structure of the DNN
is composed of an input layer (the number of users), one hidden layer with 256 neurons
and an output layer with (U + 1)|V

u| neurons where 2 ≤| Vu |≤ 5.

We consider the scenario wherein the users are mobile and compare the performance
of the SPO algorithm with that of the brute-force algorithm. The brute-force algorithm
means either offloading or locally performing the VNFs in each SFC request at each state
is obtained from exhaustive search through all possible schemes. Given a state, each user
searches for all possible actions and opts the one minimizing the cost function. Accordingly,
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Algorithm 3.3 Proposed SPO algorithm
Input: The action set for each user, i.e., Au,∀u ∈ U ;
Output: Optimal policy (i.e., the optimal sequence of actions) for satisfying the end-to-

end requirement and continuous path constraint for all users;
Initialize: Initialize experience memory D, neural network parameters θ, and the target

network replacement frequency N ; CU ← 0;
Initialize both online network and target network with weights θ;

1: procedure
2: for each episode do
3: Initialize the network state s and wu, ∀u ∈ U ;
4: for each step do
5: Any given user u ∈ U approximates action-value Qu(s, au,θ), ∀au ∈ Au

by using online network;
6: At state s, each user u ∈ U chooses au by employing the ϵ-greedy policy;
7: Based on au, each user u maps the virtual links in SFC V u by using

(3.42);
8: Each user u ∈ U obtain su = (sE2Eu , sPCu ) by using (3.36a) and (3.37);
9: The next state s′ is obtained by using su,∀u ∈ U through the message

passing. Set s← s′;
10: Each user u ∈ U stores the transition [s, au, uu(s, au), s

′] in memory D;
11: Each user u ∈ U samples random mini-batch of transitions

[s, au, uu(s, au), s
′] from D;

12: The parameters for online network, θ, is updated using (3.30);
CU ← CU + 1;

13: if CU == N then
14: θ− = θ; CU ← 0;
15: end if
16: end for
17: end for
18: end procedure

68



Table 3.2: Network parameters and hyperparameters for the SFC placement and offloading
algorithm

Parameters Value
Communication bandwidth (B) 2 MHz
Noise power (σ2

0) 10−9 Watt
Capacitance coefficient (κ) [4] 10−28

UL power for each UE u (pUu ) [18] 0.01 Watt
DL power for each UE u (pDu = pAP ) [18] 1 Watt
Max. frequency of CPU for each UE u (fu

l ) [18] 1.5 GHz
Max. end-to-end delay for each UE u (T u) [18] 0.9 Sec.
Max. frequency of CPU for each MEC server m (fm) [18] 50 GHz
Number of episodes [33] 500
Number of steps [33] 500
Discount factor (λ) [33] 0.9
ϵ-greedy [33] 0.1
Replay memory (D) size [33] 500
Optimizer [33] Adam
Activation function [33] ReLU

the computational complexity increases exponentially with an increase in the number of
users in the brute-force search algorithm. Therefore, the simulation results are reported
for the maximum number of 5 users.

Considering three UEs, each of which has a SFC request with three VNFs, firstly, we
study the convergence analysis for the SPO algorithm. The end-to-end delay and average
consumed energy for each user in different episodes are illustrated in Figs. 3.11 and 3.12,
respectively. Both objectives converge close to 200 episodes. Then we analyze the perfor-
mance of the proposed SPO algorithm. Figs. 3.13 and 3.14 illustrate the performance
evaluation of the SPO algorithm and the brute-force search algorithm in terms of the
UE average end-to-end delay and the UE average energy consumption, respectively. As
observed in Figs. 3.13 and 3.14, by increasing the number of UEs, UE’s average end-to-
end delay (for its SFC request) and the corresponding execution energy increase. On this
account, for more number of UEs, more resources of the MEC networks are consumed.
Furthermore, less bandwidth is allocated to each UE when the number of UEs stretches.
Therefore, the UL data rate for the UEs decreases. Thus, we witness the increase of the
time and consumed energy for UL transmission. The brute-force algorithm is only run up
to 5 users because of the long computational time that makes it infeasible for more num-
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Figure 3.11: Convergence analysis of average end-to-end delay.

Figure 3.12: Convergence analysis of average consumed energy.

ber of users. Up until 5 users, both algorithms perform closely. Therefore, SPO displays
comparable performance and is computationally more efficient.
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Figure 3.13: Average end-to-end delay for each user versus the number of users.
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Figure 3.14: Average consumed energy for each user versus the number of users.

3.4 Energy and Delay Aware General Task Dependent
Offloading in UAV-Aided Smart Farms

Motivated by edge computing as a technical solution for network reliability, deploying
MEC technology and UAVs in smart agriculture has been considered a viable technol-
ogy. In smart agriculture, resource-limited IoT devices need to locally monitor the envi-
ronment, collect information and run energy-consuming delay-sensitive applications with
complicated topologies to provide various services. To handle this issue, the power and
computational resources of UAVs and those at the edge of networks in the MEC can be
used to offload and run these resource-hungry tasks in UAV-MEC-assisted networks. In
this chapter, the joint power allocation and the offloading problem is studied in the UAV-
MEC-assisted wireless networks. Focusing on the topology for the interdependent tasks
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offloaded to the UAVs, we formally express the problem of simultaneously minimizing the
ETC for the UAVs as a mixed integer multi-objective optimization problem. On the one
hand, we consider the topology for IoT applications, while on the other, we have two sets of
discrete and continuous variables. Therefore, the problem mentioned has the combinatorial
characteristic and is hard to solve in feasible time.

To tackle it, we contemplate two different perspectives in [3]: (i) sequential decision-
making for partially offloading an IoT application and, at the same time, adjusting the
UAVs’ transmit power, and (ii) separating offloading decisions from UAVs’ power allocation
decisions. In both perspectives, a DAG is used to model the interdependent tasks, and the
GCNs are used to characterize the DAG. Subsequently„ for the perspective, we propose
an actor-critic method with embedding layers corresponding to the layers of GCNs, and
we employ the CA2C algorithm proposed in [60] to train the model. For the second
perspective, to separate the offloading problem from the power control, the DDQN [58]
algorithm is used to train the GCN. Given the offloading plans for the tasks, we model the
power allocation problem as a non-cooperative game among the UAVs.

In what follows, the system model and formal statement of the problem are given in
Sub-section 4.3.1. In Sub-section 3.4.2, the joint offloading and power control problem
is formally expressed as a multi-agent DRL model, and the CA2C algorithm in [60] is
employed to solve the system. To perform the offloading and power control dis-jointly,
the baseline algorithms, heuristic and DDQN-based algorithm for offloading, are derived,
and a game-theory-based algorithm for power control is given in Sub-section 3.4.3. The
simulation results are provided in Sub-sections 3.4.4.

3.4.1 System Model and Problem Formulation

This sub-section describes the details of the network, application, computation and com-
munication models. Then, the energy and delay-aware problem formulation are given. Let
us consider a real-time IoT network consisting of IoT devices, a set of UAVs, and MEC
hosts. In this network, each IoT device is associated with only one UAV. The IoT de-
vices gather information and forward the corresponding packets to the UAVs capable of
performing the computing tasks. However, each UAV has limited computing capability
because of its limited onboard battery capacity. Therefore, when executing an intensive
computation application consisting of several dependent tasks (such as the one depicted
in Fig. 3.15), a UAV would perform each computing task locally or offload it onto a MEC
host or another UAV, each of which can have different computing capabilities. A typical
example of a task-dependent application is video/image processing, where the outputs of
some tasks are input for others.
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Figure 3.15: Actor-Critic framework employed by each UAV for joint power control and
offloading. The GCN captures each task’s features and the DAG structure.

Let us denote the set of IoT devices, UAVs, and MEC hosts by N = {1, . . . , N},
U = {1, . . . , U} and S = {1, . . . , S}, respectively. For a given UAV u ∈ U , the set of
IoT devices in its coverage area is denoted by Nu. Additionally, , we represent the set
of processors except UAV u in the network (i.e., other UAVs and the MEC hosts in the
system) by Pu and define it as Pu = U ∪ S − {u}. To efficiently use the frequency band,
the UAVs employ the frequency reuse technology [104], and there is competition between
the UAVs for the communication and computing resources at the network’s edge.

For a given UAV u, we define the set of tasks for the application generated by that
UAV as Iu = {0, . . . , Iu + 1} where Iu is the number of tasks in that application. Let
DAG Gu = (Vu, Eu) be the graph for the application in UAV u. In Gu, the set Vu = {viu |
i = 1, . . . Iu} is the set of computing tasks. (Li

u, C
i
u) characterize a given task viu where

Li
u and Ci

u are the workload (in terms of required CPU cycles) and processing data size
(in bit) for the task, respectively, [69, 78]. In the graph, the edge (i, j) ∈ Eu represents
a dependency between task i and task j. That is, task i must be completed before task
j. Two virtual entry and exit tasks with indices 0 and Iu + 1 respectively are considered,
which are performed locally, i.e., CIu+1

u = C0
u = 0 [69, 78].

As aforementioned, the UAV u can either perform the task viu ∈ Vu locally or offload
it onto a processor m ∈ Pu, i.e., a UAV u′ ∈ U \ u, or a MEC server s ∈ S. For a
given task viu ∈ Vu, we define aiu as the indicator for performing the task locally (by the
UAV u) or offloading it onto a processor m ∈ Pu. Let aiu,m indicate the binary variable
corresponding to which processor the task viu is offloaded. Specifically, aiu,m = 1 if UAV
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u offloads viu onto processor m; otherwise, aiu,m = 0. So, we have aiu =
∑

∀m∈Pu

aiu,m. It is

noteworthy that the virtual entry and exit tasks in graph Gu are performed locally, i.e., we
have aIu+1

u = a0u = 0. The finish time and the ready time for a given task [78] are defined in
what follows. These definitions are used to describe both communication and computation
models. We conclude the section with a formal statement of the problem.

Definition 3.2. Let RT l
u,i and RT c

u,i be the ready time for the task viu when it is performed
locally (by UAV u) and when it is executed at a processor m ∈ Pu, respectively. RT l

u,i and
RT c

u,i are the earliest time when all input data for the task viu has been received, and the
task is ready to be executed.

Definition 3.3. The finish time for the task viu when performed locally, i.e., FT l
u,i, or

executed at a processor, i.e., FT c
u,i, is the time when the workload for that task, Li

u, is
performed thoroughly.

Communication Model

The IoT-UAV-assisted networks can be used for intelligent agriculture applications such
as the ones in [105–107]. Specifically, the IoT devices would gather raw data from their
surrounding environment and send them to the UAVs to be processed. Furthermore, due
to the limited UAV energy resources, a given UAV u would offload a part of the computing
tasks in the IoT application onto a processor m ∈ Pu. Therefore, there are two communi-
cation links, one communication link between the UAV u and another processor m ∈ Pu,
and a communication link between IoT device n ∈ Nu and the UAV u, each of which is
explained in what follows.

Processor and UAV Communication: At a given time t, let UAV u ∈ U offload the task
viu onto processor m ∈ Pu. We denote the set of UAVs offloading their tasks onto processor
m by Um, i.e., Um = {m′ ∈ U so that α

i′
m′
m′,m = 1} where i′m′ ∈ Im′ ,m′ ̸= m. Given pu as

the transmit power level for UAV u to processor m, based on Shannon theorem, we have,

Rm
u = W log

1 +
puh

m
u∑

m′∈Um,m′ ̸=u

pm′hmm′ + σ2
0

, (3.43)

where Rm
u is the transmission rate from UAV u to processor m. Let vku ∈ Vu be the

preceding task viu. So, the transmission time to offload the task i onto process m ∈ Pu is

74



denoted by T k,i
u,m and defined by [78],

T k,i
u,m =

Ck
u

Rm
u

. (3.44)

IoT Device and UAV Communication: Let pnu be the transmit power level from IoT de-
vice n ∈ Nu to UAV u. Denoted by Rn

u, based on Shannon’s theorem, the rate for transmit-

ting a packet from the IoT device to the UAV is given byRn
u = W log

1 +
pnuh

n
u∑

n′∈Nu,n′ ̸=n

pn′
u h

n′
u + σ2

0

,

where hnu is the path gain between IoT device n and the UAV u, and σ2
0 is the background

noise. Accordingly, the transmitting time is denoted by T n
u and stated as,

T n
u =

Λn
u

Rn
u

+
Dn

u

C
, (3.45)

where Λn
u is the size for the device packet, and Dn

u is the distance between the IoT device
n and the UAV u.

Computation Model

For a given UAV u, based on the requested service for the packet sent from IoT devices
to that UAV, a task in the IoT application can be performed locally or offloaded onto a
processor m ∈ Pu. In the sequel, we characterize the local computing and edge computing
models by using the discussion above and the definitions for ready time and finish time.

Local Computing Model : Let us denote the computing capability for the UAV u in
terms of CPU cycles by fu ≤ fMax

u . We denote the time and energy consumption of UAV

u for locally performing the task viu by τ lu,i and elu,i and define them as τ lu,i =
Li
u

fu
and

elu,i = κuL
i
u(fu)

2, respectively, where κu is effective switched capacitance, and is based
on the chip architecture [78]. Let vku ∈ Vu be the preceding task viu. Besides, let vku be
executed at a processor m ̸= u. By using equation (3.44) and the formal expression for
local ready time and local finish time given in [69, 78], the ready time and finish time for
locally performing viu are given by (3.46) and (3.47), respectively, as follows,

RT l
u,i = max

k∈Preced(i)
max
m∈Pu

{(1− aku)FT l
u,k + aku,m(FT

c
u,k + T k,i

u,m)} (3.46)

FT l
u,i = RT l

u,i + τ lu,i (3.47)
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Edge Computing Model : Let ek,iu,m denote the energy consumption for UAV u to offload
the task viu to processor m ∈ Pu. By using (3.44), it is given by ek,iu,m = puT

k,i
u,m [78]. Besides,

given fm as the local frequency of the CPU in destination processor m, the processing time

for the task viu is expressed by τ cu,i and stated as τ cu,i =
Li
u∑

m∈Pu

aiu,mfm
. By using equations

from (3.44) to (3.47) and the formal expression of ready time and finish time for edge
computing given in [69, 78], the ready time and finish time for executing the task viu at
processor m ∈ Pu are given by (3.48) and (3.49), respectively,

RT c
u,i = max

k∈Preced(i)
max
m∈Pu

{(1− aku)(FT l
u,k + T k,i

u,m) + aku,mFT
c
m,k} (3.48)

FT c
u,i = RT c

u,i + τ cu,i (3.49)

Problem Formulation

Based on the derived formal expression of finish time for performing task viu by UAV u,
i.e., equations (3.49) and (3.47), the transmit power level for UAV u to offload the task, the
task’s workload and the data forwarded from the UAV u to a processor m ∈ Pu may cause
a severe delay in executing the IoT application (generated by UAV u). On the other hand,
UAV u has limited computation and energy resources for complex IoT applications. These
motivate us to make a trade-off between the delay and the UAV’s energy consumption for
performing the IoT application. Whereas in [3], we aim to simultaneously minimize the
weighted sum of the long-term delay and energy consumption of the UAVs. The details
are given in the following..

At a given time t, let Et
u denote the cumulative energy consumption for the UAV u.

Generally, for UAV u, the energy consumption is given in terms of propulsion energy, the
energy for communicating, and the energy for local computing [104]. Propulsion energy de-
pends on aircraft parameters and the trajectories, which can also be considered fixed [104].
Furthermore, the delay in executing the IoT application generated by UAV u corresponds
to the finish time for the virtual exit task, i.e., FT l

u,I+1 (as aforementioned, the virtual
exit task vI+1

u is performed locally).Therefore, to execute the IoT application, based on
offloading strategy for each task viu ∈ Vu which is given by aiu =

∑
m∈Pu

aiu,m, the cumulative

energy consumption for the UAV u, i.e., Et
u, can be stated as follows [78] [104],

Et
u = Et−1

u +
∑
i∈Iu

(
(1− aiu)elu,i +

∑
k∈Preced(i)

aiu(1− aku)e
u,m
k,i

)
, (3.50)
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where eu,mk,i = puT
k,i
u,m is the energy consumption to offload the task i onto processor m ∈ Pu.

Using (3.50) and (3.47), given time t, we denote the immediate ETC for the UAV u by
ηu(t) and define it as follows,

ηu(t) = we
u(E

t
u − Et−1

u ) + wt
uFT

l
u,I+1 =

we
u

∑
i∈Iu

(
(1− aiu)elu,i +

∑
k∈Preced(i)

aiu(1− aku)e
u,m
k,i

)
+ wt

u

(
RT l

u,Iu+1 + τ lu,Iu+1

)
(3.51)

Defined as the weighted sum of the immediate cost, the long-term cost is formally expressed
as,

ϕu =
T−1∑
t=0

λtηu(t), (3.52)

where λ is the discount factor and λ ∈ [0, 1). Let us define au = [aiu,m]i∈Vu,m∈Pu and
Pu = [piu]i∈Vu . Driven by the discussion above, we state the resource allocation problem as
follows,

min. Long-term ETC for UAV u ∀u ∈ U
s.t. Energy budget for UAV u ∀u ∈ U
var. au,Pu ∀u ∈ U

(3.53)

In optimization problem (3.53), the long-term ETC for each UAV u is given in (3.52), and in

turn, the constraint corresponding to energy budget for UAV u is given by lim
T→∞

1

T

T−1∑
t=0

Et
u ≤

EMax
u where EMax

u is the maximum energy budget for the UAV u. Additionally, for the
optimizing variables au,Pu, if aiu,m = 0 then pu = 0. We call (3.53) the joint power and
offloading control (JPOC) problem. This is a mixed-integer multi-objective optimization
problem with combinatorial characteristics and coupling optimizing variables making it an
NP-hard problem.

In [3], we have two perspectives to address the optimization problem (3.53). For the
first perspective, we employ some concepts in multi-agent DRL and address the joint
problem. The details are given in Sub-section 3.4.2. In the second perspective, we dis-
jointly perform the task offloading and power control. Specifically, we derive a heuristic
and a DDQN-based offloading algorithm. Given the offloading scheme for each task in the
application, we employ game theory concepts to propose the power control problem. The
corresponding details can be seen in Sub-section 3.4.3.
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3.4.2 The CA2C-based Algorithm for Joint Offloading and Power
Allocation

To resolve the multi-objective optimization problem (3.53), some methods in optimization
theory or brute force search-based methods can be utilized. Using these methods in an
environment with a time-varying channel would be time-consuming because the problem
needs to be addressed frequently. The situation worsens when the dimensions of the prob-
lem grow, e.g., when either the number of nodes in the IoT applications or the number
of UAVs increases. Recently, machine learning-based methods with more emphasis on
RL-based approaches have been used as promising methodologies to study the complex
resource management problems in the environment with dynamic characteristics, namely
5G and 6G wireless networks [54, 55]. To address (3.53), the leading roles of the IoT ap-
plication topology and the discrete and continuous optimizing variables in (3.53) should
be assessed. In [69], GCN is employed to derive the features of each node in the IoT ap-
plication regarding the structure of the application. Additionally, an actor-critic method,
the CA2C algorithm, is proposed in [60] to work out the DRL system with the compound-
action space. In this sub-section, to approximately solve the optimization problem (3.53),
we integrate the methods above and use the CA2C algorithm to train the model.

Each UAV tries to minimize its cost in optimization problem (3.53). Considering these
AUVs as rational agents, the problem can be restated as a stochastic game [59]. In a
dynamic environment, to find the NE for the game at each state, we can model the problem
as a multi-agent and model-free RL system (similar to references [1, 33]). The details for
the reward function, action, and state space are as follows.

Reward function: In the RL system, U is the set of agents (UAVs), and ηu is the
immediate cost function for agent u which is given in (3.51).

Action space: We denote the action space for an agent u by Au, and we have,

Au = {αu | αu = (au,Pu) where aiu,m ∈ {0, 1} and 0 ≤ pu ≤ pMax
u }. (3.54)

In (3.54), aiu,m = 1 if the task viu is offloaded onto processor m ∈ Pu; otherwise, if the
task viu is locally performed, we have aiu,m = 0, ∀m ∈ Pu. Additionally, if aiu,m = 1, then
pu is the transmit power level from UAV u to processor m ∈ Pu; otherwise, if the task
viu is performed locally, pu = 0. Based on (3.54), the action space is composed of both
continuous and discrete actions, offloading strategy for task viu, and transmit power level
for the UAV u if viu is offloaded onto a processor m ∈ Pu. Therefore, it is an RL system
with compound action space.
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State space: Let Su be the state space for the agent (UAV) u. The state space Su is
given in terms of the energy budget for the UAVs, and the tasks’ embedding. Let us define
et = [etu]∀u∈U as the vector of the AUV energy budgets. We have, etu = 1 if Et

u ≤ EMax
u ;

otherwise, etu = 0. Based on equation (3.50), the energy consumption for UAV u reflects
the channel situation for the UAV to offload a task onto a processor m ∈ Pu. Additionally,
for a given task viu ∈ Vu, the embedding task vector is denoted by eviu and obtained from
the output layer of a GCN. Worth noting that the state space for the UAV u is given by,

Su = {St
u | St

u = (et, eviu),∀v
i
u ∈ Vu}. (3.55)

In what follows, we describe how the task embedding vectors are obtained. Specifically, to
perform task viu ∈ Vu locally or offload it onto a processor m ∈ Pu, the features of that
task which are given in terms of its workload and processing data, Li

u and Ci
u, respectively,

should be considered alongside those of its neighbors. That is, the structure of DAG for
an IoT application generated by UAV u, Gu, should be captured. Based on Fig. 3.15, this
can be learned through the graph neural network. Our learning method is based on what
is used in [68,69].

Let us denote the matrix characterizing the features for all nodes in the IoT application
DAG by Xu = [Li

u, C
i
u]i∈Iu . The multi-layer GCN corresponding to Gu can be modeled by

fu(Xu, Au) where Au is the adjacent matrix for Gu. The layer propagation rule is given
by [108],

H l+1
u = σ

(
D̃

− 1
2

u ÃuD̃
− 1

2
u H l

uW
l
u

)
(3.56)

where Ãu = Au + I, D̃u(i, i) =
∑
j

Ãu(i, j), W l
u is trainable weight matrix for layer l, σ(.)

is the activation function, and H0
u = Xu. We denote the output for the GCN model by

Ou = [oi
u]∀vin∈Vu

= fu(Xu, Au) and the task embedding for vin is obtained by,

eviu = σ(
∑

k∈succ(i)

ok
u), (3.57)

where succ(i) is the set of successors to task viu [69].

Training Compound-Action RL Model with Embedding Layers

The RL system above, based on (3.54), has the compound-action space. It also has embed-
ding layers for capturing the structure of complex IoT applications. We use the compound-
action actor-critic (CA2C) algorithm proposed in [60] to solve this RL system and train the
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embedding layers. CA2C algorithm is an algorithm to train the RL system with compound
action space. We explain the details in what follows.

To learn the (near) optimal policy in a compound-action RL system, the CA2C al-
gorithm is given in [60], which has actually taken advantage of the deep deterministic
policy gradient (DDPG) algorithm [64], and the deep Q-network (DQN) algorithm [63].
Specifically, given π = (π1, . . .πU) as the policy profile for the UAVs, where πu is the
policy function for the UAV u. πu is a function from a given state Su to action αu (i.e.,
πu : S 7→ Au). Let us denote the Q-function for UAV u by Qu(Su,αu). Q-function is
defined in terms of the expectation of the weighted sum of the short-term reward for UAV
u [61]. Denoted by π∗

u, the optimal policy for the UAV u is the policy under which the Q-
function for that UAV is maximized, i.e., α∗

u = π∗
u(Su) = arg max

αu∈Au

Q∗
u(Su,αu), ∀Su ∈ Su.

In this equation, the action space is a compound. Thus, finding the optimal policy is in
fact challenging. To face it, we decompose π∗

u into two policies [60] which are pertinent
to the offloading scheme of the UAVs and adjustment of the UAV transmit power levels,
respectively. Given state Su and discrete action au (which corresponds to offloading the
tasks), we denote the policy to adjust the UAV transmit power for offloading the tasks by
ν∗
u(Su, au). The best discrete action is obtained by solving the following equation [60],

a∗u = arg max
au∈Au

Q∗
u

(
Su, (au,ν

∗
u(Su, au))

)
. (3.58)

The equation in (3.58) is challenging to solve. So, the Q-value function is approximated
using two separated DNNs [60]. For our problem, each DNN is alongside some embedding
layers for capturing the structure of the IoT application [69]. As depicted in Fig. 3.15, to
train them, we use the CA2C algorithm proposed in [60], which is an actor-critic algorithm.
For a given UAV u, let us denote the weights corresponding to actor and critic DNNs by
θu and wu, respectively. Actor DNN is used to approximate the optimal policy (which
corresponds to adjusting the UAV’s transmit power level), i.e., ν∗

u, and the critic network
is used to approximate Q∗

u which in turn is used to obtain the task offloading schemes.
The pertinent parameterized functions are denoted by ν∗

u(Su, au,θu) and Q∗
u(Su,αu,wu),

respectively. The details of the training algorithm to update the parameters θu and wu

are given in Appendix A.4. Using the derived training algorithms in the appendix,
we propose our intelligent decision-making algorithm to offload the tasks and adjust the
transmit power in the following.
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The Proposed CA2C-based Algorithm

In this part, we use Algorithm 1.1 and Algorithm 1.2 in Appendix A.4 and drive a
CA2C-based algorithm for task offloading and the adjustment of the UAV transmit power
levels. We call it the intelligent joint power and offloading control (IJPOC) algorithm.
In our proposed algorithm, for the critic side, given continuous action and transmit power
level for the UAV, the ϵ−greedy algorithm is used to adopt the discrete action, i.e., the
tasks’ offloading scheme. Therefore, for a given UAV u, we have,

αu =

{
arg max

au∈Au

Qu(Su,αu,wu) with the probability of 1− ϵ,

randomly adopted from Au with probability of ϵ.
(3.59)

Accordingly, the details for the IJPOC algorithm are given in Algorithm 3.4.

Based on IJPOC Algorithm, at a given state Su, regarding the scheme for locally
performing/offloading the tasks in Vu, UAV u uses the output of the online actor DNN. It
updates the policy for its transmit power levels. Then, given Su and pu, the task offloading
schemes can be obtained by using the output of the online critic DNN. At each step, the
transition of the current state, current action, reward, and the next state are captured in
Du, experience memory for the agent (UAV) u. The experiences are uniformly chosen as
mini-batch to train the actor and critic DNNs and the embedding layers.
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Algorithm 3.4 The Proposed IJPOC Algorithm
Input: The maximum energy budget for the UAVs, EMax

u , ∀u ∈ U , adjacent matrix,
Au, ∀u ∈ U , the features matrix Xu, ∀u ∈ U ;

Output: Optimal policy for locally performing/offloading the tasks in Vu and adjusting
transmit power level for offloading a task onto a processor m ∈ Pu;

Initialize: Experience memory Du, u ∈ U , actor online network parameters θu, u ∈ U ,
actor target network parameters θ−

u = θu, u ∈ U , critic online network param-
eters wu, u ∈ U , critic target network parameters w−

u = wu, u ∈ U , and the
embedding layer parameters Wu, u ∈ U .;

1: procedure
2: for each episode do
3: Initialize e and eviu and set the network state Su = (e, eviu),∀v

i
u ∈ Vu;

4: for each step do
5: Given state Su and the continuous action pu, the UAV u ∈ U uses

its critic online network and approximates action-value Qu(Su,αu,θu),
∀au ∈ Au and adopts au by using (4.21);

6: Given state Su and the discrete action au (corresponds to locally per-
forming/offloading the tasks in Vu), pu is obtained by using the output
for the actor network;

7: For each UAV u, e is updated through the message passing and
eviu ,∀v

i
u ∈ Vu is updated through the embedding layers (by using (3.57))

and the next state S′
u is obtained. Set Su ← S′

u;
8: Store experience xu = [Su,αu, ηu,S

′
u] in memory Du for u ∈ U ;

9: Each UAV u ∈ U samples random mini-batch of transitions
[Su,αu, ηu,S

′
u] from Du;

10: For each UAV u, the parameters of the DNNs and the ones for embed-
ding layers are updated by using Algorithm 1.1 and Algorithm 1.2
(in Appendix A.4);

11: end for
12: end for
13: end procedure
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The UAV u uses Critic online network to
update 𝒂𝒖 and selects the offloading scheme
for each task in 𝒱"

The UAV u uses Actor online
network to update 𝑷𝒖

The UAV u updates its consumed energy and its cost function. Additionally, the
UAV u checks if its target energy consumption is satisfied or not and sends it to
other UAVs. It obtains the vector that corresponds to satisfying the target energy
consumption for the UAVs

The UAV u saves the experience
𝒆"# = [S, 𝑷𝒖, 𝒂𝒖, 𝜂" , 𝑺$] in 𝒟"

The UAV u updates the parameters of the actor and critic
DNNs by uniformly sampling from 𝒟" and updates the
task embedding vectors. Additionally, it sets S← 𝑺$.
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Figure 3.16: The message passing between a UAV u and other UAVs to update the offload-
ing scheme for the tasks and the adjustment of transmit power level.

Complexity Analysis

Based on Algorithm 3.4, at a given time t, the message passing between a UAV u and
the processors in Pu is depicted in Fig. 3.16. Note that for offloading and adjusting the
transmit power for the UAV u, we have two main parts: action selection and training
the actor and critic DNNs, and the embedding layers corresponding to the GCN. The
complexity analyses for each part are provided in what follows.

83



Action selection complexity: For a given UAV u, based on Algorithm 3.4, the
action selection corresponds to locally performing a task viu or offloading it onto a processor
m ∈ Pu. Additionally, the action corresponds to adjusting the transmit power level for
UAV u to offload the task viu. This would be the most complicated part of the algorithm.

Given the fully connected actor and critic DNNs with a fixed number of hidden layers
and neurons in each of them, for a given input, the computational complexity is pertinent to
the sum of input and output sizes [101] for the actor DNN, critic DNN and the embedding
layers. Based on equations, (3.58) and (3.55), the input size for the actor and critic
DNNs are U + 2 × Iu + Iu × U and U + 2 × Iu + Iu = U + 3 × Iu, respectively. Based
on (3.56), the input layer size for the embedding layers is I2u. Specifically,in the actor-
network, the term Iu × U corresponds to the output for the critic network, which are
one-hot vectors used for offloading the tasks in Iu. Additionally, 2 × Iu corresponds to
the embedding vector of the tasks. So, the complexity of obtaining the Q-value for a
given state and action is O(I2 + U × Iu). UAV u should select the Q-value among all
processors in Pu. Therefore, the computational complexity for action selection corresponds
to O(| Pu | (I2 + U × Iu)) = O(U × I2u + U2 × Iu).

Training process complexity: In this part, both forward and backward propagation
complexity should be considered. Let Tu be the training batch used to update the weights
for the actor and critics DNNs. So, the forward propagation complexity corresponds to
O(Tu × (U × I2u + U2 × Iu)). The backward propagation complexity for DNNs with a
fixed number of hidden layers and neurons corresponds to the product of the size of the
input layer and the one for the output layer [101]. Thus, by considering the output size
for the actor DNN, critic DNN and the embedding layers, i.e., Iu, Iu × U and 2 × Iu,
respectively, the backward propagation complexity would be pertinent to O(Tu× (I3u+U×
I2u)). Accordingly, the computational complexity for the training procedure corresponds to
O(Tu × (I3u + U × I2u)).

3.4.3 Dis-joint Offloading and Power Control: DDQN-based Of-
floading and Game-theory-based power control

Previously, for a UAV as an agent, we employed the CA2C algorithm [60] to simultaneously
offload the tasks of the IoT application (generated by the UAV) and adjust its transmit
power level. In this section, we perform the task offloading and power control dis-jointly to
address the optimization problem (3.53) sub-optimally. We particularly apply the DDQN
algorithm [58] to derive an intelligent offloading scheme. Then, given the offloading scheme
for the tasks of IoT application of each UAV, we derive a distributed and energy-efficient
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power control scheme to send a task to a processor to be executed. The details are given
in what follows.

DDQN-based Offloading Scheme

To derive an intelligent offloading scheme, let us define a multi-agent RL system where the
UAVs are the agents. For a given agent (UAV) u, the reward function is given by equation
(3.51), and the action space is defined as,

ADDQN
u = {au | au = [aim,u]

i∈Vu
m∈Pu

where aiu,m ∈ {0, 1}}. (3.60)

Additionally, using the state space given by (3.55), we define the sate space as

SDDQN
u = {SDDQN

u | SDDQN
u = (et, eDDQN

viu
),∀viu ∈ Vu}. (3.61)

For UAV u, as aforementioned, et corresponds to whether the energy budget for each UAV
is satisfied or not, and eDDQN

viu
is obtained from the output layer of a GCN. Here, we employ

DDQN algorithm [58] to train the GCN layers. The details are given in what follows.

Based on the action space definition given above, ADDQN
u is not only discreet but also

grows exponentially as the number of UAVs and MEC servers increases. Previously, in [1,8],
we employed DDQN algorithm [58] to address the RL system with huge discrete action
space. DDQN algorithm is a DRL-based algorithm wherein, to prevent instability and
overoptimistic value estimation, the action selection is separated from the action evaluation
by using the target network with weights O−

u , b ∈ B, the online network with weights
Ou, b ∈ B and replay buffer DDDQN. Ergo, the training procedure to update the weights
for the online network can be seen below [58],

Yu = U(SDDQN
u , au) + λQDDQN

u (S′
u, arg max

a′∈ADDQN
u

QDDQN
u (S′

u, a
′,Ou),O

−
u ), (3.62)

Ou ← Ou + ζ(Yu −QDDQN
u (SDDQN

u , au,Ou))∇OuQ
DDQN
u (SDDQN

u , au,Ou), (3.63)

where U(SDDQN
u , au) = E[ηu(S

DDQN
u , au)], and E[.] is used for the expectation operator. In

this work, as already mentioned, we use GCN to derive the features for each task in the
application by considering its neighborhood. We deliberately add some embedding layers
to the DNNs (as input layers) and exploit the training procedure in (4.19) and (4.20) to
train them. Additionally, the equations in (3.56) and (3.57) are used for propagation rule
for embedding layers and obtaining eDDQN

viu
, respectively. Given the offloading scheme for

tasks in IoT applications, we derive an iterative and distributed energy-efficient power
control to adjust the transmit power level for the UAVs to offload a task.
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Distributed Game-theory-based Power Control Scheme

Based on the objective in the resource allocation problem in (3.53), each UAV aims to
simultaneously minimize its energy consumption and the delay in executing its IoT ap-
plication (i.e., the UAV’s ETC). As mentioned before, the delay in performing an IoT
application corresponds to the finish time of the exit task of that application. Therefore,
based on the formal expression for the UAV energy consumption, equation (3.50), and the
finish time and ready time for performing a task in IoT application as in equations from
(3.46) to (3.49), each UAV should minimize the transmit power level and maximize the
rate to offload a task. This accord with maximizing the energy efficiency of the UAVs to
perform the IoT application.

As aforementioned, for a given processor m, all UAVs in set Um (the set of UAVs
offloading their task onto the processor m, aiu,m = 1,∀u ∈ U , i ∈ Vu) employ the frequency
reuse technology. Based on the above discussion, focusing on simultaneously maximizing
the energy efficiency for the UAVs to perform their complex IoT applications, we define the
non-cooperative power control game as G = ⟨Um,Pm, Um

u ⟩ where the set of UAVs Um is the
set of players, and the strategy space is given by Pm = ×

u∈Um

Pu where Pu = [0, . . . , pMax
u ].

Further, the utility function for a player (UAV) u is denoted as Um
u (pu,p−u) and stated by,

Um
u (pu,p−u) =

W log2 (1 + puH
m
u (p−u))− Cmfm
pu

, (3.64)

where Hm
u (p−u) =

hmu
Imu (p−u)

, Imu (p−u) =
∑

m′∈Um,m′ ̸=u

pm′hmm′ + σ2
0, p−u = [pm′ ]m′∈Um\{u},

and Cm is the CPU cost for executing the offloaded task. In the above game, the utility
function in (3.64) corresponds to the energy efficiency function for the UAV u. Energy
efficiency is a well-known utility function previously in the non-cooperative power control
games. Additionally, the strategy space Pu is compact, convex, and non-empty. Therefore,
there is NE for the non-cooperative game G. We say p∗ = [p∗u]u∈U is a NE for G if we have
Uu(p

∗
u,p

∗
−u) ≥ Uu(pu,p

∗
−u), for all UAV u ∈ U . For a given UAV u, the transmit power

level p∗u is acquired through the following lemma.
Lemma 3.1. For a given UAV u and processor m ∈ Pu, let us define γ̂mu = exp (1− bmu +

WL(−
1

exp(1− bmu )
)) − 1 where bmu = − log 2Cmfm

W
and WL(.) is the W-Lambert function

main branch and defined over [−1

e
,+∞). Given p∗ = [p∗u]u∈Um as a NE for non-cooperative

power control G, we have,

p∗u = γ̂mu ×
Imu (p∗

−u)

hmu
(3.65)
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Proof. See Appendix A.6.

Now, using (3.65), we derive an iterative and distributed power control scheme as
follows,

p(t+1)
u = ψu(p

t) = min{pMax
u , γ̂mu ×

Imu (pt
−u)

hmu
}, (3.66)

where p = [pu]u∈Um .

Lemma 3.2. The power updating function ψu(p
t) converges to a unique fixed point.

Proof. The power updating function (3.65) is the well-known power updating function
in [109]. As shown in [109], ψu(p

t) is a standard interference function [110]. As seen
in [110], the standard interference function converges to a unique fixed point.

Proposed Intelligent Dis-joint Power and Offloading Control Algorithm

Now, based on the above discussion in the subsections 3.4.3 and 3.4.3, we derive our
intelligent dis-joint power and offloading control (IDPOC) scheme in Algorithm 3.5.
In IDPOC Algorithm, an agent (UAV) u, at state SDDQN

u , approximates the action value
functions by using the output of its online DNN and obtaining the action, i.e., the offloading
scheme for a task by employing ϵ-greedy policy in (4.21). Then, given the offloading schemes
for tasks obtained by each agent, iterative and distributed scheme in (3.66) is used to adjust
the transmit power level for each UAV. At each step, the transition of the current state,
current action, reward, and the next state are captured in DDDQN

u , experience memory for
the agent (UAV) u. The experiences are uniformly chosen as mini-batch to train the DNN
and the embedding layers by using (4.19) and (4.20).

3.4.4 Simulation Results

We simulate a smart farm environment where several IoT devices (| N |= 24) are randomly
located. In this setup, we consider a MEC-UAV-assisted wireless network with one MEC
server and several UAVs hovering above the farm area. The channels have both small and
large fading with path loss and shadowing. Each UAV u ∈ U covers some IoT devices
(3 ≤| Nu |≤ 8, ∀u ∈ U) and generates a complex IoT application consisting of dependent
tasks, i.e., an application with general task dependency. To compare the performance of
our proposed intelligent algorithms, the CA2C-based IJPOC algorithm and the DDQN-
based IDPOC algorithm, with that of the priority-based DPPOC algorithm, we consider
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Algorithm 3.5 The Proposed IDPOC Algorithm
Input: The maximum energy budget for the UAVs, EMax

u , ∀u ∈ U , adjacent matrix,
Au, ∀u ∈ U , the features matrix Xu, ∀u ∈ U ;

Output: Optimal policy for locally performing/offloading the tasks in Vu; UL transmit
power level for offloading a task onto a processor m ∈ Pu;

Initialize: Experience memoryDDDQN
u , u ∈ U , online network parameters Ou, u ∈ U , target

network parameters O−
u = Ou, u ∈ U ;

1: procedure
2: for each episode do
3: Set the network state SDDQN

u = (e, eDDQN
viu

), ∀viu ∈ Vu;
4: for each step do
5: Given state SDDQN

u , each UAV u ∈ U approximates its action-value
QDDQN

u (SDDQN
u , au,Ou), ∀au ∈ ADDQN

u by using its online network;
6: Given state SDDQN

u , each UAV u ∈ U employs the ϵ-greedy policy in
(4.21) to set aim,u for all i ∈ Vu,m ∈ Pu;

7: For each UAV u, given the offloading vector for the tasks in Vu, obtain
the transmit power level Pu by using the power control scheme (3.66);

8: For each UAV u, e is updated through the message passing and
eDDQN
viu

,∀viu ∈ Vu is updated through the embedding layers (by using
(3.57)) and the next state S′

u is obtained. Set SDDQN
u ← S′

u;
9: Store experience xDDQN

u = [SDDQN
u , au, ηu,S

′
u] in memory DDDQN

u for
u ∈ U ;

10: Each UAV u ∈ U samples random mini-batch of transitions
[SDDQN

u , au, ηu,S
′
u] from DDDQN

u ;
11: For each UAV u, the parameters of the DNNs and the ones for embed-

ding layers are updated by using (4.19) and (4.20);
12: end for
13: end for
14: end procedure

88



Table 3.3: Simulation parameters

Parameters Value
Number of service types and packet length 2, and [16,8]

Computing (CPU) resources UAV: Randomly between 0.5 and 1 GHz [104], MEC server: 2.2 GHz [78]
Maximum transmit power level UAV-to-UAV: 10 , IoT-to-UAV: 3 W

Transmission rate IoT-to-UAV: 2 Mbps, UAV’s target rate: 4 Mbps
Number of episodes and steps 100, 100

Discount factor (λ), ϵ, learning rate (ζ), τ [33] 0.9, 0.1, 0.01, 0.01
Replay memory size for intelligent algorithms [33] 500

Optimizer and activation function [33] Adam and ReLU
Capacitance coefficient (κ) 10−25

Task features [78] Workload: Randomly between 1 and 2 (normalized)
Processing data: Randomly between 60 and 200 (normalized)

UAV’s max. tolerable energy consumption
(communication and computation energies) [104] Randomly between 50 joule and 70 joule

two different scenarios. In the first scenario, the IoT devices are located close to each
other, and the number of UAVs is fixed, but the number of tasks in the application varies.
In the second scenario, the IoT devices are scattered in the farm area and can be located
far from each other, and we consider that the number of UAVs varies and belongs to
the set of {3, 5, 7}. In this scenario, the number of tasks in the application generated by
each UAV is fixed. The performance is studied in terms of average delay for each UAV,
energy consumption for each UAV and the ETC for each UAV. In our proposed DRL-based
algorithms, i.e., IJPOC and IDPOC, the DDNs have two embedding layers, three hidden
layers containing 128, 512, 1024 neurons, respectively, and one output layer. The details
for the simulation setup are given in Table 4.3.

It is noteworthy that the limitation of the number of UAVs in simulation results is due
to using an actor-critic algorithm. IJPOC algorithm is an actor-critic algorithm that can
be slow for several reasons: the complexity of the algorithms, the size of the network, and
the difficulty of optimizing the network parameters. Specifically, three separate networks
- the actor network, the critic network, and the embedding layers corresponding to GCN -
must be trained together, which can be computationally expensive and time-consuming. In
addition, optimizing the network parameters can be challenging, especially in environments
with large state and action spaces.

Convergence Behaviour of IJPOC and IDPOC Algorithm

The convergence behavior of the intelligent algorithms for offloading and power control,
IJPOC and IDPOC, are studied in Figs. 3.17 and 3.18, respectively. We attentively con-
sider a scenario with five UAVs, each generating an IoT application with 6 interdependent
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Figure 3.17: Convergence behaviour for the
CA2C-based algorithm IJPOC

Figure 3.18: Convergence behaviour for the
DDQN-based algorithm IDPOC

tasks. As discussed previously, the CA2C algorithm and DDQN algorithm are used to
derive IJPOC and IDPOC, and their convergence behaviors have been studied in [60]
and [58], respectively. The figures display that each UAV’s average weighted reward func-
tion converges to a stationary point. Based on Figs. 3.17 and 3.18, the fixed point for each
UAV’s average weighted reward function would not be the same. This can be because each
UAV employs its DNNs to offload and adjust the transmit power level in the CA2C-based
algorithm and obtain the offloading schemes in the DDQN-based algorithm.

Performance Evaluation

In this subsection, the performance of our proposed intelligent algorithms, CA2C-based
algorithm IJPOC and DDQN-based algorithm IDPOC, in comparison with that of our
derived priority-based algorithm DPPOC are studied.

First, we consider the scenario where the number of UAVs is fixed, i.e., U = 3, and the
number of tasks in the application generated by each UAV changes, Iu ∈ {3, . . . , 11},∀u ∈
U . In Figs. 3.19a, 3.19b, 3.19c, it can be seen that the performance of the proposed intel-
ligent algorithms IJPOC and IDPOC in terms of average delay and average consumed
energy and average ETC for each UAV is better than those for priority-based DPPOC
algorithm. In our intelligent algorithms, by considering the embedding layers, the features
of each task in the application regarding its neighborhood in DAG are used to derive the
offloading scheme. Specifically, in IJPOC algorithm, the embedding layers are used by
the actor DNNs to intelligently adjust the transmit power level for the UAV to offload a
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(a) (b)

(c)

Figure 3.19: Performance evaluation for CA2C-based algorithm IJPOC, DDQN-based al-
gorithm IDPOC, and priority-based algorithm DPPOC with a fixed number of UAVs
(U = 3) vs. number of tasks in the application in terms of average delay for each UAV (a),
average each UAV’s energy consumption (b), and average ETC for each UAV (c).

task. This can result in better performance for the CA2C-based IJPOC algorithm than
the DDQN-based DPPOC algorithm.
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(a) (b)

(c)

Figure 3.20: Performance evaluation for CA2C-based algorithm IJPOC, DDQN-based
algorithm IDPOC, and priority-based algorithm DPPOC with a fixed number of tasks
in the application (Iu = 6, ∀u ∈ U) vs. number of UAVs in terms of average delay for each
UAV (a), average each UAV’s energy consumption (b), and average ETC for each UAV
(c).
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To continue, we assume that the number of UAVs varies, i.e., U ∈ {3, 5, 7}. Additionally,
each IoT application is composed of 6 interdependent tasks. As depicted in Figs. 3.20a,
3.20b, 3.20c, the performance of the intelligent algorithms IJPOC and IDPOC in terms of
average delay and average consumed energy and average ETC for each UAV is better than
those for priority-based DPPOC algorithm. This is because, in the intelligent algorithms,
the offloading scheme for each task in the IoT applications is intelligently derived using
the DDQN algorithm. This has a substantial effect on energy consumption for executing
the IoT application. It can also be observed from these figures that the performance of the
CA2C-based IJPOC algorithm is better than that of the DDQN-based IDPOC algorithm.
This is because, in IJPOC algorithm, both offloading scheme and power control are jointly
performed by considering the topology for the IoT application. In contrast, in IDPOC
algorithm, only offloading scheme is performed intelligently.
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Chapter 4

Intelligent Energy-efficient Resource
Management in the Wireless Networks
with CA Functionality

4.1 Introduction

Fulfilling various QoS requirements including high throughput, low latency and low UE
power consumption is highly challenging for 5G wireless networks [20]. In CA, a UE is
served with multiple frequency blocks, referred to as CC, to achieve higher throughput
and lower transmission delay. Additionally, the UEs are configured to access more CCs
depending on their QoS requirements, traffic load, and channel quality [10].

Recently, 5G resorts to DC to boost its capacity and provide enhanced coverage under
multiple bands. DC or, more generally, MC allow operators to simultaneously provide LTE
and 5G connectivity. In 3GPP Release 15 and thereon, this technology is called EN-DC,
where LTE is used as a master node, and NR is used as a secondary node. In EN-DC, UE
is allowed to connect to a LTE eNB and a 5G Next Generation NodeB (gNB) simultane-
ously, i.e., separately transmitting/receiving LTE and 5G signals and then aggregating the
streams. The UEs can enormously benefit from employing joint CA and DC technologies
to increase coverage area, system throughput, load balancing and mobility robustness [82].
Meanwhile, these emerging technologies have increased complexity, and challenged deriving
beneficial resource management schemes.

Despite the above advantages, employing CA and DC technologies would cause some
challenges in the wireless networks. For instance, CA causes UEs to consume more energy

94



because the UEs monitor a large aggregated spectrum than they would perform with a
single carrier allocation [21]. UE power consumption affects the battery life of a mobile
device and must be carefully managed. In the UE receiver, the Radio Frequency module
and Base Band processing part, which depend on the number of CCs and the rate, consume
energy to receive the signal and decode information [21]. Therefore, the power consumed
by each UE is intensified as the number of CCs and the rate increase. Hence, to save the UE
power consumption in CA mode while enhancing the throughput, dynamic management
of activation and deactivation of CCs plays a prominent role [21]. For the DC, one of the
significant challenges arising in UL transmission in the EN-DC network is dividing the UL
transmit power level between the eNB and gNB, subjected to the maximum power budget
for the UE. In the literature, [95,111] two different schemes, Dynamic Power-Sharing (DPS)
and Equal Power-Sharing (EPS), have been proposed to adjust the UL transmit power level.
The UL transmit power levels to both eNB and gNB are dynamically adjusted in DPS.
While, in EPS, the UL transmit power level is equally divided between the eNB and the
gNB. Employing EPS may result in poor network performance because the time-varying
characteristics for the channels and UE traffic in 5G networks would not be taken into
consideration [95].

Furthermore, 5G has multi-dimensional and dynamic characteristics. These features has
motivate us to employ RL as a valid tool for resource management in 5G networks [112] to
face the above issues in 5G wireless with CA and DC technologies. One may employ some
optimization and game theory methods to tackle the problem; however, this can result in
a lack of scalability and flexibility.

Based on what was discussed above, in Section 4.2, to decide whether to activate or
deactivate the CCs, we consider both the delay in transmitting UE data and the consumed
power by the UE to monitor the activated CCs and also for based-band processing. We
formulate the problem in a distributed manner where each UE (acting as an agent) can use
their local knowledge about the network parameters, and learn to activate and deactivate
the CCs. Accordingly, the CC management problem is formally expressed as a stochastic
game and solved using a multi-agent DRL algorithm [8]. In Section 4.3, we consider an
EN-DC network with CA technology. We use multi-agent RL and derive a UL resource
management scheme to adjust UE UL transmit power levels to the eNB and gNBs. To the
best of our knowledge, this problem has not yet been studied. By employing the CA2C
method in [60], we propose an intelligent joint power control and CC management scheme
to minimize the delay and the total power consumption of UEs [9]. The details are given
in the following sections.
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4.2 Delay-Aware and Energy-Efficient Carrier Aggrega-
tion in 5G using Double Deep Q-Networks

As a critical technology in 5G networks, CA is studied in [8]. In CA, CCs can be activated
and deactivated depending on multiple factors, e.g., the energy consumption of the users
and QoS demand. CC management strategies are proposed where each UE simultaneously
minimizes both its average delay and power consumption while considering that CCs can
be activated and deactivated only at certain times, as in real-world CA implementations.
The problem can be modeled as a centralized multi-objective optimum CC management
problem. Since centralized approaches would impose significant overhead on the system,
we develop a semi-distributed solution by modeling the problem as a stochastic game and
propose a multi-agent DDQN-based CC management algorithm to solve the stochastic
game. Our derived DDQN-based algorithm is compared with the proposed approaches
with single CC activation, all-CC activation, and the optimum CC activation baseline
schemes [8].

4.2.1 System Model and Problem Statement

Network Model and Preliminaries

We consider the downlink transmission in a single-cell 5G network. The network consists
of a gNB and a set of K UEs denoted by K = {1, . . . , K}. The channel between a gNB
and a UE is a time-frequency-varying one. The channels have both small and large fading
with path loss and shadowing. Additionally, the gNB uses CA, i.e., several CCs can be
selected to serve the UEs. Let M = {1, . . . ,M} denote the set of M non-overlapping
and orthogonal CCs. Each CC m consists a set of Nm Resource Block (RB)s denoted by
Nm = {1, . . . , Nm}. Let Mk be the maximum number of CCs that can be assigned to UE
k. For a UE k, Mk includes both PCC and SCCs assigned to the UE. The PCC is the
main CC and is only updated when a UE is assigned/handover to a cell. In [8], to assign a
PCC to a UE, the Round-Robin (RR) approach is used, and the PCC is always active for
the UE as long as there is user traffic. Meanwhile, a SCC is an auxiliary CC that can be
activated/deactivated anytime to boost the data rate of the UE. So, a SCC will be assigned
to a UE based on traffic and QoS demand.

We assume that each RB is assigned to only one UE in a given time slot. However,
several RBs in a CC supported by UE k can be assigned to the user. Additionally, each
UE uses its instantaneous SINR on an RB to compute the Channel Quality Indicator
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Figure 4.1: Network and the proposed optimization-based method (at top) and RL-based
strategy (at the bottom) for CC management. For the RL-based strategy, the state vector
corresponds to if the QoS requirement for each UE is provided or not. Action corresponds
to which CCs are activated for the UE. The reward for the UE is given in terms of the
reciprocal of the delay and the power consumption for the UE.

(CQI). Then, the computed CQI is sent to the gNB and mapped to the corresponding
Modulation and Coding Scheme (MCS), and spectral efficiency as in the 3GPP LTE/NR
standard [113].

In [8], the CC activation/deactivation and the RB allocation are performed separately.
Hence, two different resource management schemes are considered. We propose DDQN-
based CC management scheme for CC assignment to minimize the average delay. A CC can
be shared among different UEs. Therefore, we use a RR scheme to assign the RBs in the
CC to the UEs (sharing the CC). It is worth mentioning that RB allocation is performed
at each time slot. Meanwhile, due to practical limitations, the CC activation/deactivation
scheme is executed at every Tcca.

The following sub-sections briefly explain the throughput, delay and power consumption
models and our CC management solution. The details for the system model and the signals
transferred between a UE, gNB, and our proposed algorithm and the optimum baseline
algorithm are briefly depicted in Fig. 4.1. Specifically, for CA, the details for deriving the
optimum baseline algorithm are given in Subsection B.1 and the multi-agent RL-based
algorithm is explained in Subsection 4.2.2. As illustrated in Fig. 4.1, in our proposed
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multi-agent RL-based CA scheme, based on whether the delay requirement for each UE
is satisfied or not (which corresponds to the state of the RL-based system), a given UE
k ∈ K takes action to activate/deactivate a SCC. In the eNB, based on action taken by the
UE, a SCC is activated/deactivated for the UE, and the reward for UE k and the state are
updated and sent to the UE for getting the new action. As will be seen in Subsection 4.2.2,
the reward for the UE k is given in terms of the reciprocal of the delay for the UE and its
power consumption.

UE Throughput Model: Let us define αk
m ∈ {0, 1} as the CC allocation indicator,

where αk
m = 1 if CC m is allocated to UE k; otherwise, we have αk

m = 0. We denote the
instantaneous total achievable rate for UE k by Rk(t) which is expressed as follows [21],

Rk(t) =
∑
m∈M

αk
mR

k
m(t), (4.1)

where Rk
m(t) is the instantaneous achievable rate for UE k over CC m1. In what follows, we

use the instantaneous throughput for a UE as given in (4.1), and express its delay model.

UE Delay Model: The CC activation/deactivation scheme is executed every Tcca

time, and after the decision, the activated or deactivated CCs can no longer be changed
until the next Tcca time. Thus, we have to estimate the next bursts of payloads and the
arrival times during the next Tcca time to evaluate the required rate or the activated CCs
for each user during this Tcca time. Considering the current duration, i.e., [t, t+ Tcca], we
formally express the end-to-end delay for a UE. Specifically, the delay for a UE in one-
time duration would be the summation of the delay for delivering the remaining bursts
of payloads in the scheduling queue from the previous scheduling occasion and the delay
for delivering the estimated bursts of payloads in the scheduling queue, both of which are
formulated as below.

For the given UE k, let Dk

r denote the delay in delivering the remaining bursts of pay-
loads from the previous duration. Additionally, let qkr(t) and N̂k

r (t) be the average number
of bits in one bursts of payloads in the previous duration and the number of remaining
bursts of payloads in the scheduling queue from the previous duration, respectively. Using
the instantaneous rate for UE k in (4.1), we have,

D
k

r =
qkr(t)× N̂k

r (t)

Rk(t)
. (4.2)

1The achievable rate for UE k on a given CC m is the summation of the rate for that UE over its
assigned RBs on CC m. That is , Rk

m(t) =
∑

n∈Nm

ωk
m,nR

k
m,n(t) where Rk

m,n(t) is the rate for the UE k over

the RB n in CC m. As denoted, for a given CC, we employ RR scheduler to allocate the RBs to the UEs
sharing that CC (i.e., for obtaining ωk

m,n).
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Further, to estimate the delay in delivering the bursts of payloads at the current duration,
we denote q̂kc (t) and T̂ k(t) as the estimated average number of bits in one burst of payloads
and the estimated inter-arrival time between two consecutive bursts, respectively. Given
T k
f as the time that the last burst of payloads for user k has arrived, the estimation of the

average number of bursts at the current duration is denoted by N̂k
c (t) and can be given by

N̂k
c (t) =

⌊t+ Tcca − T k
f

T̂ k(t)

⌋
. Thus, we denote the estimated average delay for transmitting

the next arriving bursts of payloads in the current duration by Dk

c (t), and we have,

D
k

c =
q̂kc (t)× N̂k

c (t)

Rk(t)
=

q̂kc (t)

Rk(t)
×
⌊t+ Tcca − T k

f

T̂ k(t)

⌋
. (4.3)

Using eq.(4.2) and (4.3), we denote the delay for UE k in current duration (i.e., [t, t+Tcca])
by Dk

(t) and state it as,

D
k
(t) = D

k

r(t) +D
k

c (t) =
q̂k(t)

Rk(t)
, (4.4)

in which

q̂k(t) = q̂kc (t)×
⌊Tcca + T k

f

T̂ k

⌋
+ qkr(t)× N̂k

r (t). (4.5)

Let Dk
QoS be the maximum tolerable delay for a given UE k. At a given time t, the QoS

requirement for UE k is satisfied if we have,

q̂k(t)

Rk(t)
≤ Dk

QoS. (4.6)

Additionally, we say that the vector of delay requirement for the UEs, [Dk
QoS]k∈K, is feasible

if (4.6) holds for each UE. In (4.6), q̂k(t) is the average arrived number of bits per burst
of payloads for UE k.

UE Power Consumption Model: We model the consumed power for UE k similar
to [114]. The authors have exploited this model in [21] to formulate the consumed power
for the users in 5G network with CA. The consumed power for UE k is denoted by P k(t)
and given by,

P k(t) = P0+
M∑

m=1

αk
m(t)

[
P k
Rx,m+

(
KrR

k
m(t)+Kr0

)
+
(
Ksp

k
m(t)+Ks0

)
+
(
KBWBWm+KB0

)]
.

(4.7)
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In the above equation, Rk
m(t) is the achievable rate for UE k on its activated CC m, pkm(t) is

received power for UE k over CC m, BWm is the bandwidth of CC m, P0 is the base power
when the UE is in its RRC connected mode without receiving any traffic. P k

Rx,m
is the base

consumed power when CC m is activated for UE k, and finally Kr, Kr0 , Ks, Ks0 , KBW and
KB0 are the fixed parameters. Based on (4.7), the consumed power for the UE is related
to each activated CC. It is a first-degree polynomial function of the received power, the
bandwidth of the activated CC, and the rate achieved for the UE over this CC2. We use
the above equations and express the resource management problem in what follows.

Resource Management Problem Formulation

In [8], we deal with the problem of CC management in 5G networks to maximize the system
efficiency. Inspired by energy efficiency, the number of bits that can be sent over a unit of
power consumption [116], we define the system efficiency as the ratio of the reciprocal of
the delay to the consumed power for activating/deactivating the CCs. This can be used
in the networks with the services sensitive to the delay and the energy. Let us denote the
system efficiency by ζ and define it as follows,

ζ =
1

E[D]× E[P ]
. (4.8)

In (4.8), E[D] and E[P ] are the long-term average delay and the average power consumption
for the UEs, respectively. Since the average delay and average power are both positive, we
can restate the problem of maximizing ζ as simultaneously minimizing both E[D] and E[P ]
[117]. Hence, the CC management in each duration aims to minimize the average delay
given in (4.4) and simultaneously minimize the average consumed power among all users
defined in (4.7) by selecting optimum CCs. However, the two objectives mentioned above,
minimizing the delay and minimizing the power consumption for the UEs, are conflicting.
That is, there is no point wherein the two objectives are simultaneously minimized. To
handle this trade-off, we use the concept of multi-objective optimization and formulate the

2As can be seen in Subsection 4.2.2, in our proposed multi-agent RL-based algorithm, a DNN is used
by each UE to approximate the Q-value function. Training a DNN would consume power; however, a
pre-trained hidden layer structure can be used to pre-train the Q-value function and reduce the time and
complexity. So, training does not need to be done frequently; thus, our power consumption model has not
considered the corresponding computational power. Recently, pre-trained models have been widely used
to solve complicated RL systems [115].

100



problem as follows,

Min Average delay (4.9a)
Min Average consumed power (4.9b)
s.t. Number of active CCs ∀k ∈ K, (4.9c)

QoS requirement ∀k ∈ K, (4.9d)
var. CC and RB assignment indicators, (4.9e)

where the constraint (4.9d) corresponds to the delay requirements for the UEs in (4.6). It
is noteworthy that the optimal solution for problem 4.9 is the solution for the problem of
maximizing the system efficiency. For the proof, the reader is referred to [117]. Problem
(4.9) is a multi-objective optimization problem, and in addition, it has the combinatorial
characteristics. Thus, (4.9) is hard to solve, especially for large-scale networks. As men-
tioned in [10], the problem of CC management and RB allocation can be sorted out jointly
or dis-jointly. In [8], following the latter solution, we formulate the CC management and
RB allocation in (4.9). We specifically focus on CC activation/deactivation in [8], and use
RR for RB allocation.

To solve the CC activation/deactivation problem in (4.9), two viewpoints, centralized
and distributed approaches, can be considered. For the former, accurate knowledge about
the environment, including the UEs’ CQI and parameters for computing the users’ power
consumption, is available at a central unit. The weighted sum of the objective functions
can specifically provide a trade-off between (4.9a), and (4.9b) and a Pareto frontier for the
problem can be derived. In this method, the weight for the objectives correspond to the
priority for optimizing them. The more the weight for an objective, the more the priority
for optimizing it. In Appendix B.1, by considering the central unit, the problem is formally
expressed, and Charnes-Cooper transformation and Glover’s linearization are applied to
obtain equivalent LP. However, the complexity of addressing problem (4.9) in a centralized
manner increases as the number of UEs grows. This thesis considers the scenario wherein
each UE can use its knowledge about the network parameters, and a semi-distributed
approach is derived in Subsection 4.2.2 to address (4.14). This method employs the CC
activation/deactivation decision in each UE individually by utilizing a multi-agent RL-
based method. The details for the action, reward and state for our proposed multi-agent
RL-based method are given in Subsection 4.2.2. Thus, using the objective function in (4.9a)
and (4.9b) for centralized and semi-distributed scenarios, we formulate two corresponding
optimization problems (B.8) and (4.14), respectively. For the details of the derived op-
timum CC management algorithm (OCCM), we refer readers to Appendix B.1. The
details for our derived intelligent CC management algorithm are given in the next subsec-
tion.
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4.2.2 Multi-agent RL-based CC Management

First, this subsection formally expresses the CC management problem as a stochastic game.
Specifically, we formally express the reward for each player (UE) in terms of the reciprocal
of its delay and power consumption. To address the stochastic game, we express it as a
MDP. Thus, knowledge about the UE reward functions and state transition is needed. This
information would not necessarily be available for each UE in 5G network environment. To
respond to this issue, we employ RL and expressed the MDP as a model-free multi-agent
RL system [61]. Finally, we use the multi-agent DRL to find the NE at each state of the
game. The details are given in what follows.

Stochastic Game Formulation

Given time t, let Uk(t) be the utility function for UE k. In [8], each UE tries to simultane-
ously minimize its delay and consumed power, as mentioned before. Using equation (4.4),
we define the utility function for UE k in terms of the ratio of the reverse delay for the UE
to the total reverse delay for other UEs and formally express it as follows,

Uk(t) = log2(1 +
D

k
(t)

−1∑
j∈K,j ̸=k

D
j
(t)

−1 ), (4.10)

Additionally, denoting by Ck(t), we use the proposed cost function in [118] and define the
cost function for UE k in terms of its consumed power, i.e.,

Ck(t) = P k(t), (4.11)

where P k(t) is given in (4.7). Specifically, since we aim to minimize the delay while
minimizing UE power consumption, we have chosen the UE power consumption as the
cost. Accordingly, we denote the instantaneous reward function for the UE k by ηk(t) and
express it as follows,

ηk(t) = Uk(t)− βk × Ck(t) = log2(1 +
D

k
(t)

−1∑
j∈K,j ̸=k

D
j
(t)

−1 )− β
kP k(t), (4.12)

where βk is the unit price of the consumed power for UE k. The immediate reward function
for UE k in (4.12), i.e., ηk(t), is used to formulate the problem. Specifically, we denote the
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long-term reward for UE k by Φk and formally express it as,

Φk =
T−1∑
t=0

λtηk(t). (4.13)

Based on (4.13), Φk is the weighted sum of ηk(t) over the finite time T . Additionally, in
(4.13), we have 0 ≤ λ ≤ 1. λ is the discount factor used to determine the weight for
the future reward. Clearly, the future reward equals to immediate reward when λ = 0;
otherwise, if λ < 1, the value for λtηk(t) in the earlier periods is greater than its future
value. Accordingly, to concurrently maximize the long-term reward for each UE k, the
problem of CC management can be formally expressed as a multi-objective optimization
problem as follows,

max
αk

Φk ∀k ∈ K, (4.14)

where αk = [αk
m]m∈M. In optimization problem (4.14), each UE maximizes its long-

term reward. More specifically, based on (4.12), (4.4), and (4.7), when a CC is acti-
vated/deactivated for a UE k, maximizing the value of Φk corresponds to minimizing the
long-term delay, and at the same time minimizing the long-term consumed power to acti-
vate/deactivate the CCs. Note that some issues will arise when finding a globally optimal
solution for (4.14) because it is a multi-objective non-convex optimization problem with
combinatorial characteristics. To tackle them, we first reformulate the problem in (4.14)
as a stochastic game. Then, an RL-based method is proposed to find the NE at each state
for the game.

Let us assume that the UEs do not have complete knowledge about the network envi-
ronment. Additionally, each UE activates/deactivates the CCs to maximize its long-term
reward, irrespective of other UE rewards. At time t, the instantaneous reward for a UE
is given in terms of the current state of the network environment and the actions of other
UEs. Also, the current state and the actions taken by all other UEs influence the next
state. Hence, the optimization problem in (4.14) can be expressed as a stochastic game
G = ⟨K,S,Ak, Pss′ , η

k⟩ [59], where, K is the set of UEs. The details for the state space, S,
actions set for UE k, Ak, the transition probability function Pss′ , and the reward function
for UE k, ηk, are given in what follows.

State: In the stochastic game G, the set of possible states is defined by S = {s(t)|s(t) =
[sk(t)]Tk∈K}. Especially at a time t, the kth element in vector s(t) corresponds to whether
the delay requirement for UE k ∈ K, is met or not. That is, sk(t) ∈ {0, 1}, ∀k ∈ K, and
sk(t) = 1 if (4.6) holds true for UE k; otherwise, sk(t) = 0. Accordingly, | S |= 2K and
| S | increases exponentially as K grows.
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Action: As mentioned before, a UE k should activate/deactivate a CC at a given time
t. So, we define the action space for UE k as the set of all possible CCs that can be
activated/deactivated by that UE, i.e., Ak = αk = [αk

m]m∈M. Specifically, αk
m = 1, if CC

m is activated for UE k and αk
m = 0, otherwise. Therefore, we have | Ak |= 2M, which

grows exponentially by an increase in M .

Transition probability: The function for the state transition probability is defined
as P : S×A×S → [0, 1]. Specifically, P is a function from S×A×S to [0, 1] where the set
A is the Cartesian product of the action space for the UEs, i.e., A = A1× . . .×AK . Thus,
for a given action vector a ∈ A, we have a = (a1, . . . , aK) where ak ∈ Ak. Furthermore,
when action vector a is used by the UEs in state s, Pss′(a) is the probability of transition to
state s′. Therefore, based on (4.2) to (4.6), the transition probability is related to the UE
delay requirements, the achievable rate for the UEs, number of bits per burst of payloads
and the CCs activated for the UEs.

Reward: The reward for UE k, i.e., ηk(t), can be expressed by ηk(t) = ηk(s(t), ak, a−k),
where a−k = (a1, . . . , am−1, am+1, . . . , aK).

Let us denote (a∗k, a∗−k) as a solution for the game. The solution (a∗k, a∗−k) is a NE
point, if we have,

ηk(s, a∗k, a∗−k) ≥ ηk(s, ak, a∗−k) ∀s ∈ S,∀k ∈ K, ∀ak ∈ Ak. (4.15)

In (4.15), the action a∗k for UE k would correspond to the best response to the other
players (UEs). Additionally, unilateral deviation from the equilibrium point would not be
beneficial for other UEs [100,119].

The stochastic game G is an episodic one. Specifically, in G, at the end of an episode,
the state is reset to start a new episode. Additionally, for a given episode, the accumula-
tive rewards can be obtained from the environment by using the policy given in terms of
states, actions, and rewards. Thus, information about the UE reward functions and state
transition is needed to find the NE. The mentioned information would not be necessarily
available for each UE in the network environment. This is the major issue in solving the
game G (i.e., obtaining a NE point at a given state s). We propose an RL-based method
to address this issue in the following subsection.

The Proposed DDQN-based CC Management (DCCM) Algorithm

Based on the above discussion, the stochastic game G can be described as a finite MDP.
Therefore, the NE at each state can be found by using the Markov properties. In this
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subsection, we derive a multi-agent DRL-based scheme to tackle the MDP corresponding
to the game G.

We describe the MDP by using the discrete state space S and action space Ak,∀k ∈ K,
in the game G. The former is used for the environment states, and the latter is used for the
possible actions of any UE k. To describe the reward function, we should consider whether
the actions are applied or not. Specifically, a not applied action corresponds to an action
that a posterior action has overridden, which becomes an applied action otherwise [31].
Accordingly, we define τk and we have τ k = 0 if T̂ k−T k

f ≤ Tcca; otherwise τ k = 1 [31]. So,
we restate the reward function for UE k by,

ηk(t) =

{
ckp if τ k(t− 1) = 1,

Uk(t)− βk × Ck(t) otherwise,
(4.16)

where ckp is the amount of penalty imposed on UE k if its previous action is not applied and
Uk(t) and Ck(t) are given in (4.10) and (4.11), respectively. Finally, for the state transition
probability, we use Pss′(π) where π = (π1, . . . , πK) is the vector of policies under which
the UEs take their action.

Let us assume a stochastic environment where the UEs do not know enough about
the environment. Additionally, the UEs aim to maximize their long-term reward. As
mentioned in [61], we can use RL to find the optimal policy for the users. In [8], based
on the mentioned distributed characteristics, the collaborative multi-agent RL with local
states is employed. Specifically, let π∗k denote the optimal policy for UE k. π∗k is a
function from state space S to the action space for UE k, i.e., π∗k : S → Ak. Based on
(4.6), the delay for each UE should be known to select the next state. Let us define the
state-value function for the UE k as the accumulative expected discounted reward for the
UE starting from a given state [61]. Therefore, at a given state s ∈ S, a UE (aiming to
maximize its state-value function) should learn a∗k = π∗k(s) where π∗k(s) ∈ Ak. In what
follows, we prove Lemma 4.1 to obtain the optimal policy for each UE k recursively.

Lemma 4.1. Let us denote π∗ = (π∗k,π∗−k) as the optimal policy vector for the UEs.
Additionally, let V k(s, π∗k,π∗−k) and Q∗k(s, ak) be the the optimal state-value function
and optimal action-value function for the UE k at state s for an action ak, respectively.

a) The NE point for the game G at state s is obtained by addressing the following MDP
problem [33],

V k(s, π∗k,π∗−k) = max
ak∈Ak

Q∗k(s, ak), (4.17)
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b) Based on (4.17), the optimal policy for a UE k, π∗k, can be found recursively as
follows [62],

Qk(s, ak)← Qk(s, ak) + δ[uk(s, ak,π−k) + λ max
a′k∈A

Qk(s′, a′
k
)−Qk(s, ak)]. (4.18)

where Qk(s, ak) is the action-value function for UE k at state s for an action ak, s′ is the
next state, uk(s, ak,π−k) = E[ηk(s, ak,π−k)], and E[.] is used for the expectation operator,
and δ is the learning rate to update Qk(s, ak).

Proof. See Appendix B.2

The updating scheme in (4.18) is the Q-learning algorithm proposed in [62]. This
algorithm uses the available information s, ak, s′, uk(s, ak,π−k) to find the optimal policy
for each UE k, and therefore transition probability at each state would not be required.
However, as already mentioned, as the number of UEs and the number of CCs grow, the
state space and the action space dimensions increase exponentially. Therefore, it becomes
challenging to find the optimal policy by using (4.18). We adopt the DRL-based scheme
proposed in [58], namely the DDQN algorithm, to address this issue.

Let us denote the parametrized action-value function for a UE k ∈ K by Qk(s, ak,θ).
Additionally, we assume the information in tuple [s, am, um(s, am), s′] is given. The authors
in [58] used a DNN to approximate the action-value function and proposed the DDQN
algorithm to update the parameter θ. In the DDQN algorithm, the action selection is
decoupled from the action evaluation. This prevents instability and overoptimistic value
estimation. Let us denote the online and target network parameters with θ and θ−,
respectively. As shown in [58], the target for DDQN and consequently the parameter
updating function are given by, (4.19) and (4.20), respectively, as follows:

Y k = uk(s, ak) + λQk(s′, arg max
a′∈Ak

Qk(s′, a′,θ),θ−), (4.19)

θ ← θ + ζ(Y k −Qk(s, ak,θ))∇θQ
k(s, ak,θ). (4.20)

Below, we first complete our discussion by introducing the epsilon-greedy algorithm. This
algorithm is used as the policy to select the action (i.e., to activate/deactivate the CCs) for
each UE at each state. Then, employing the equations (4.19) and (4.20) and the introduced
policy function, we derive a DRL-based algorithm to solve the formulated optimization
problem in (4.14).
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Algorithm 4.1 Proposed DCCM algorithm
Input: The action set for each UE, i.e., Ak,∀k ∈ K; The vector of QoS requirement for

the UEs; The assigned PCC to each UE;
Output: Optimal policy for activating/deactivating the CCs for each UEs;
Initialize: Experience memory D, online network parameters θk, k ∈ K, target network

parameters θ−
k = θk, k ∈ K ; CU ← 0;

1: procedure
2: for episode = 1 : Tcca : Tsim do
3: Initialize the network state s;
4: for step = 1 : T do
5: Each UE k ∈ K approximates action-value Qk(s, ak,θk), ∀ak ∈ Ak by

employing online network;
6: Given state s, each UE k ∈ K adopts ak by using (4.21) (epsilon-greedy

policy) where Qk(s, a)← Qk(s, a,θk),∀a ∈ Ak;
7: All users get the next state s′ via the message passing. Set s← s′;
8: Each user k ∈ K stores the transition (s, ak, uk(s, ak), s′) in memory D;
9: Each user k ∈ K samples random mini-batch of transitions

(s, ak, uk(s, ak), s′) from D;
10: The parameters for online network, θk, k ∈ K, is updated using (4.20);

CU ← CU + 1;
11: if CU == N then
12: θk

− = θk, k ∈ K; CU ← 0;
13: end if
14: end for
15: end for
16: end procedure

In [8], the epsilon-greedy policy is used to select an action at each state s. Specifically,
given Qk(s, ak),∀ak ∈ Ak for UE k, the action is adopted by employing epsilon-greedy
policy given as,

ak =

{
argmax

a∈Ak
Qk(s, a) with probability of 1− ϵ,

chosen randomly from Ak with probability of ϵ.
(4.21)

Our DDQN-based CC management scheme DCCM is depicted in Algorithm 4.1.

In DCCM algorithm, at a state s, each UE k ∈ K estimates the action-valueQk(s, ak,θ),
∀ak ∈ Ak at each step. The UEs use the estimated action values, and by applying the
epsilon-greedy algorithm, the action ak is adopted by each UE k ∈ K. The chosen action
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ak is pertinent to activate/deactivate the CCs for UE k. Then, given ak, UE k obtains
its delay. The gNB uses the delay for all UEs and checks whether the UE delay require-
ments are met or not, obtains the next state (i.e., s′), and broadcasts s′ among the UEs.
When the UEs obtain s′ and their immediate reward [i.e., uk(s, ak),∀k ∈ K], the transition
[s, ak, uk(s, ak), s′] would be kept in the memory D. Randomly sampling mini-batch from
memory D, the UEs use (4.20) and update the parameters for the online network, i.e.,
θ. When the algorithm stops, the optimal policy is obtained, corresponding to activat-
ing/deactivating the set of CCs for each UE.
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The UE k uses the online network to
approximate the action value functions. Then,
by using the epsilon greedy policy, it selects
the action for activating the SCCs.

The gNB uses RR algorithm to assign RBs on
the activated SCCs and the PCC to the UE

The UE updates its achievable rate and its
reward 𝜂! . Also, the UE checks if its delay
requirement is satisfied or not and sends it to the
gNB.

The UE k saves the experience
[𝒔, 𝑎! , 𝜂!𝒔"] in 𝒟!

The UE k updates the parameters
of the DNNs by uniformly
sampling from 𝒟! and set s ← 𝒔"

s

If the delay
requirement for the
other UEs are
satisfied or not
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The gNB obtains the next state
𝒔" and broadcast among the UEs

𝒔!

Assigned RBs to the UE

If the delay requirement for the UE is satisfied or not

Figure 4.2: The message passing between the gNB and UE k for CA at a given time t .

4.2.3 Complexity Analysis

Based on Algorithm 4.1, the message passing between the gNB and UE k at a given time
t is depicted in Fig. 4.2. Seen are two main parts: action selection and training the online
DNN. The complexity analyses for each part are provided in what follows.

Action selection complexity: For a given gNB b, based on Algorithm 4.1, the
action selection corresponds to activating/deactivating a SCC for the UE k. This would
be the most complicated part of the algorithm.
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Given the fully connected online DNN with a fixed number of hidden layers and neu-
rons in each of them, for a given input, the computational complexity is pertinent to the
sum of input and output sizes [101]. The input size for the online DNN equals the state
vector dimension, i.e., K. So, for a given state and action, the complexity of obtaining the
Q-value function is O(K). Additionally, each UE k should select the Q-values correspond-
ing to activating each CC. Therefore, the computational complexity for action selection
corresponds to O(K ×M).

Training process complexity: For this part, we should consider both forward and
backward propagation complexities. Given Tk as the training batch to update the weights
for the online DNN, the complexity for the forward propagation is O(Tk ×K ×M). The
complexity of the backward propagation algorithm corresponds to the product of the size of
the input layer and the one for the output layer. For a given UE k, the size for the output
of online DNN is K. Accordingly, the computational complexity for training procedure
corresponds to O(Tk ×K ×M).

4.2.4 Simulation Results

We consider a single-cell wireless network with one gNB. The cell’s radius is 250 meters
through which the UEs are distributed uniformly. Similar to initial 5G implementations,
we consider that the CCs operate in two different bands- 800 MHz band and 3.5 GHz
band [21] to improve the coverage and the throughput. Additionally, we employ 5G NR
numerology µn = 0 and utilise QPSK to 256 QAM for Modulation and Coding Scheme
(MCS) as given in 3GPP standard [113]. The simulation parameters are given in Table 4.1.

The resources with 5G QoS characteristics have been adopted to evaluate our proposed
model. In more detail, we consider FTP model 3 to model bursty traffic [120–123], and
we assume the file arrives at the scheduler in one burst. In FTP model 3, the number of
UEs is fixed, and each UE’s files arrive with Poisson distribution. Thus, the inter-arrivals
have exponential distributions; therefore, the file arrivals have Poisson distributions with
λT inter-arrival rate. We also select a log-normal distribution for the file sizes [124]. For
the file size distribution, let qk denote the average file size for a UE k. Therefore, we
have ln

(
qk
)

as a normal distribution N(µ, σ). Thus, the average file size (denoted by qk)
for UE k will be obtained by qk = exp(µ+ 0.5× σ2). Based on the value for µ and σ in
Table 4.1, the average file size for each UE would be almost 0.5 Mbits. Additionally, the
average file delay budgets for the UEs are 150 ms. We set P0 = 1530 mW, Pidle = 500
mw, PRx,k,m = 420 mW, Kr = 2.89 mW/Mbps, Kr0 = −26.6 mW, Ks = −1.11 mW/dBm,
Ks0 = −60.7 mW, KBW = 11.6 mW/MHz and KB0 = −229 mW [21,114].
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Table 4.1: Network parameters and hyper-parameters for the CC management algorithms

Parameter Value
Total transmit power for BS 30 dBm

Tcca, M , Mk 200 ms, 5, 5

Carrier Settings
CC1 and CC2 are low-band CCs (800 MHz) each of which

has 5 MHZ bandwidth, CC3, CC4 and CC5 are high-band CCs
(3.5 GHz) each of which having 10 MHZ bandwidth

PHY numerology µn = 0: 15 KHz sub-carrier spacing,
PRB size of 12 sub-carrier (180 kHz), 1ms slot length

Traffic Model 3GPP FTP model 3 [120]
File arrival rate distribution Poisson with λT = 10

File size distribution Log-normal with [µ, σ] = [13, 0.35] [124]
Number of episodes and steps 500, 500

Discount factor (λ) 0.9
epsilon in (4.21) 0.1
Learning rate (δ) 0.01

Replay memory (D) size 500
Optimizer and Activation function Adam and ReLU [33]

Solver CPLEX [21]
Step size sz in OCCM algorithm 0.2

Number of runs 48

In the simulations, the internal structure of DNN has an input layer, one hidden layer,
and an output layer with K neurons, 256 neurons, and 2M neurons, respectively. For the
action value function and the weight updating process, we use the ReLU function [33] and
Adam optimization approach to obtain the optimal gradient descent [33], respectively. To
tackle the non-stationarity in our proposed multi-agent DDQN-based algorithm (DCCM),
the experiences can be captured in the replay buffer and used to adjust the weight of pre-
vious experiences to current environment dynamics [125]. In [8], we uniformly sample from
the replay buffer and adjust the hyper-parameters for our training method, the number
of hidden layers, the number of neurons in each hidden layer, the parameter value for the
epsilon-greedy algorithm and the learning rate λ, via the simulations. Because of space
limitations, we do not present them here.

In the sequel, the convergence behavior of the reward function in the DCCM algo-
rithm is evaluated. Next, we compare the performance of DCCM algorithm and OCCM
algorithm with the performance of the algorithm where all CCs are activated for the UEs,
namely, the activated all CCs (AACCA) algorithm. Additionally, we compare the per-
formance of DCCM and OCCM algorithms with the algorithm where only one CC, i.e.,
the PCC, is activated to each UE, namely the only activated PCC (OPCCA) algorithm.
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Figure 4.3: Convergence behavior for the reward function in (4.12) in DCCM algorithm
vs number of episodes.

It is worth mentioning that the OCCM algorithm is run for at most 26 UEs due to its
computational complexity. Meanwhile, the maximum number of UEs for studying the
performance of the remaining algorithms is 38 UEs which corresponds to whether all UEs
meet their target delay requirements or not.

Convergence Behaviour of the Reward Function in DCCM

In this subsection, considering 10 uniformly distributed UEs, we study the convergence
behavior for the reward function in (4.12). As shown in Fig. 4.3, the reward function for
each UE converges after 60 episodes. This would be because of using the DDQN algorithm
proposed in [58] for deriving the DCCM algorithm. Specifically, the DDQN algorithm
converges because learning is improved by using the target network and replay buffer,
which prevent over-optimism and instability [58]. Moreover, it can be seen that the reward
function for the UEs are not necessarily converging to a unique point. Since DCCM
algorithm is a multi-agent DRL-based algorithm where each agent has its own DNN, the
DNNs for the UEs have different weights. This can be explained as the main reason for
the convergence behavior of the reward function for the UEs.
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Figure 4.4: Average achievable rate per UE and average delay per UE versus the number
of UEs.

Figure 4.5: Average consumed power per UE and average number of assigned CCs per UE
versus the number of UEs.

Performance Evaluation

In this subsection, we evaluate the performance of DCCM algorithm with those of OCCM,
AACCA, and OPCCA algorithms. We consider varying number of UEs, i.e., M ∈
{10, . . . , 38} with step 4 UEs, and study the performance of the proposed algorithms ver-
sus the number of UEs. In the DCCM algorithm, each UE tries to minimize its delay and,
at the same time, minimize its consumed power in a selfish manner. While, in OCCM
algorithm, the average total delay for the UEs and the total consumed power for the UEs
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are minimized. Figs. 4.4 and 4.5 illustrate the average achievable rate per UE, the average
delay per UE, the average consumed power per UE, and the average number of activated
CCs per UE, respectively. For the DCCM algorithm, the confidence interval (CI) for the
achievable rate, delay, consumed power and number of activated CCs are very narrow. Due
to the space limitation, we have not mentioned the corresponding values.

As illustrated in Fig. 4.4, the average achievable rate for each UE decreases as the
number of UEs increases. It is also observed from Fig. 4.4 that the average delay per UE
grows by increasing the number of UEs. It is noteworthy that DCCM performs close to
the OCCM and the AACCA algorithms in terms of the rate and the delay, while the
delay (and the rate) obtained from OPCCA is significantly higher than (and lower than)
other algorithms.

In Figs. 4.5, it is shown that the average number of assigned CCs per UEs and con-
sequently the amount of consumed power obtained from OCCM and DCCM are much
lower than those for AACCA. Specifically, OCCM algorithm, being an optimal solution,
performs better than AACCA and DCCM. It can be observed that the less the activated
number of CCs, the less the consumed power. This is because, in (4.7), the dominant pa-
rameter is the bandwidth of CCs. Due to the activation of only one PCC for each UE, lower
power consumption and number of activated CCs are achieved by the OPCCA algorithm.

In summary, the proposed DCCM algorithm could leverage the UEs’ bursty traffic
profile. Thus, it activates CC only during peak traffic to satisfy the QoS while minimizing
the power consumption. This is unlike the AACCA, which always activates CCs even when
there is no user traffic resulting in high power consumption. On the contrary, OPCCA
activates a single carrier resulting in the lowest power consumption but a significant delay.

114



4.3 On Intelligent Energy-Aware Carrier Aggregation in
5G with Dual Connectivity

Aggregating multiple CCs from different frequency bands, CA, and Dual Connectivity (DC)
by which can be concurrently transmitted and received from two nodes or cell groups, are
employed in 5G and 6G wireless networks to enhance coverage and capacity. In the wireless
networks with DC and CA, the network performance can be boosted by dynamically ad-
justing the UL transmit power level for the UEs and properly activating/deactivating the
CCs for the UEs. In [9], we study the problem of joint dynamic UL power-sharing and CC
management in the networks with DC and CA. The objective is to simultaneously minimize
the delay and power consumption for the UEs. The pertinent problem is a multi-objective
optimization problem with both discrete and continuous variables, and therefore is hard to
solve. We first model it as a multi-agent RL system with compound action to handle the
problem. Then, we employ a compound-action actor-critic algorithm to find the optimal
policy and propose the Joint Power-Sharing and Carrier Aggregation (JPSCA) algorithm.
The performance of the JPSCA algorithm is compared with two baseline algorithms. Our
results show that the performance of the JPSCA algorithm in terms of the average rate,
delay and UL transmit power level outperforms the baselines where UL power control and
CC management are performed dis-jointly [9].

4.3.1 System Model and Problem Statement

In this section, we consider an EN-DC wireless network with CA technology. In CA, the
bandwidth is expanded by aggregating some CCs in the same/different frequency bands.
A CC consists of several RBs, and thus the problem of RB allocation and CA are coupled.
The details for the network model and problem formulation are given in what follows. The
notations are provided in Table 4.2.

Network and notations

In an EN-DC network consisting of an eNB and a set of B gNBs denoted by B = {1, . . . B},
we consider the UL transmission where eNB and gNBs can use CA. Let us denote the set of
non-overlapping and orthogonal CCs adopted by the eNB and the gNBs by M̂ = {1, . . . M̂}
and M̃ = {M̂ + 1, . . . , M̂ + M̃}, respectively. Specifically, based on [126], we assume that
M̂ = 1, i.e., the eNB does not use the CA, and the CCs in M̃ are shared among the gNBs.
Let M = M̂

⋃
M̃ = {1, . . . 1 + M̃}. For a given m ∈ M, we denote Nm = {1, . . . , Nm}
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Table 4.2: Table of notations

B,M,Mk Set of gNB, set of CCs, set of CCs for UE k

M̂ = {1},M̃ Set of CC on LTE side, set of CCs on NR side
K,Kb Set of UEs, set of UEs in gNB b

b(k),Nm Serving gNB for UE k, set of RBs in CC m

ĥk1,n
Path gain between the UE k ∈ Kb and eNB

over a RB n in PCC (in the LTE side)

h̃
b(k),k
m,n

Path gain between that UE and gNB b(k)
over a RB n in CC m (PCC or SCC at NR side)

p̂k, p̂k1,n
UL transmit power levels for UE k to the eNB

and the one for UE k on RB n ∈ N1

p̃k, p̃km,n

UL power levels for UE k to the gNB b(k)
and the one for UE k on RB n ∈ Nm

R̂k, R̂k
1,n

UL rate for UE k achieved by transmitting to eNB
and the one on RB n ∈ N1

R̃k, R̃k
m,n

UL rate for UE k achieved by transmitting to gNB b(k)
on the one on RB n ∈ Nm

pk, Rk Total UL power for UE k, total rate for UE k

D
k
, P k Average delay and UL power consumption for UE k

Dk
QoS, p

k
max Max. tolerable delay and Max. UL power level for UE k

q̂k(t) Average number of bits per burst of data for UE k

αk
m, β

k
m,n

SCC activation indicator for UE k, and
RB allocation indicator for UE k in CC m ∈M

r̂k, r̃k
Continuous action used to adjust the UL power levels

for UE k to the eNB and gNB b(k)

as the set of RBs in CC m. Let Mk = {1, . . .Mk} be the set of activated CCs for UE k.
Specifically, Mk consists of both PCCs and SCCs for UE k. In EN-DC networks, there
are actually two PCCs, one on the LTE side and the other one on the NR side. Therefore,
we assume that the CC in the eNB is an always- activated PCC for UE k, and the other
PCC is in its serving gNB.

Let us assume that a set of K UEs, K = {1, . . . , K}, is distributed in the network area.
We denote the serving gNB for UE k by b(k). Indeed, UE k is in the coverage area for the
gNB b(k). Given Kb = {1, . . . , Kb} as the set of UEs in the coverage area for the gNB b,
by employing DC technology, a UE k ∈ Kb can simultaneously transmit to both eNB and
gNB b. Let ĥk1,n and h̃

b(k),k
m,n be the path gain between the UE k ∈ Kb and eNB over a RB
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Figure 4.6: Intelligent CA and UL power allocation in the network with DC technology.

n in PCC (in the LTE side), and the path gain between that UE and its serving gNB b(k)
over a RB n in CC m (PCC or SCC at NR side), respectively. For any gNB b and the
eNB, we assume that the channel between UE k and gNB b and the channel between the
UE and the eNB have both small and large fading with path loss and shadowing. Also,
the channels are the time-frequency-varying ones.

Our network model and proposed scheme have been briefly illustrated in Fig. 4.6.
Specifically, to activate/deactivate the SCCs, adjust the UL transmit power level to the
eNB and gNBs, and allocate the RBs, we develop a scheme with different execution intervals
in [9]. CA and UL power allocation as the delay insensitive tasks are performed every
Tcca, whereas RB allocation, as a delay-sensitive task, is performed at every time interval
t where t ≤ Tcca. Furthermore, RB allocation and CA are performed separately [10].
In [9], we derive a compound-action actor-critic-based algorithm for CA and UL power
allocation. For RB allocation, we employ a round-robin algorithm. The details are given
in Subsections 4.3.2.

We first introduce the model for UL transmit power level, UL power consumption and
UL throughput. Next, using these models and the delay model derived in Subsection 4.2.1
[equations from (4.2) to (4.6)], we conclude this subsection by stating the CA and UL
power allocation problem in EN-DC networks.
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UL transmit power model for UE

In time t, we denote the total transmit power level for UE k by pk(t):

pk(t) = p̂k(t) + p̃k(t). (4.22)

In (4.22), p̂k(t) and p̃k(t) are the UL transmit power level for UE k to the eNB and
its serving gNB, respectively. Specifically, we have p̂k(t) =

∑
n∈N1

βk
1,np̂

k
1,n(t) and p̃k =∑

m∈M̃
αk
m

∑
n∈Nm

βk
m,np̃

k
m,n(t) where αk

m is the SCC activation indicator for UE k and βk
m,n

is the RB allocation indicator for UE k in CC m ∈M. Additionally, for convenience, from
here, we assume that for the always-activated PCC m at NR side we have αk

m = 1. The
total UL transmit power level for the UE k is bounded, i.e.,

pk(t) ≤ pkmax, (4.23)

where pkmax is the maximum UL transmit power level for UE k.

UL power consumption model for UE

For studying the power consumption in UL transmission, the authors in [127] employ the
model developed in [128]. We use it as well, which is given by,

P k(t) =

{
αLp

k(t) + βL if pk(t) ≤ Γ,

αHp
k(t) + βH if pk(t) > Γ.

(4.24)

In (4.24), the parameters αL, αH , βL, βH , and Γ are the device-based ones and depend on
the operating frequency band.

UL throughput model for UE

At a given time t, let γ̂k1,n(t) denote the SINR for the UE k with eNB over RB n in PCC.
Therefore we have

γ̂k1,n(t) =
p̂k1,n(t)ĥ

k
1,n(t)

σ2
, (4.25)

where σ2 is the noise. It is noteworthy that the RBs in the low-band PCC are exclusively
allocated to the UEs, and thus the UEs do not interfere with each other through the RBs
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in the PCC. Additionally, γ̃km,n(t), the SINR for the UE k with its gNB (i.e., b(k)) over RB
n in CC m (PCC or SCC), is given by,

γ̃km,n(t) =
p̃km,n(t)h̃

b(k),k
m,n (t)∑

k′∈K,k′ ̸=k

βk′
m,np̃

k′
m,n(t)h̃

b(k),k′
m,n (t) + σ2

. (4.26)

Accordingly, employing the Shannon theorem, we denote the achievable rate for UE k on
RB n in PCC by R̂k

1,n and formally state them as,

R̂k
1,n(t) = B̂1,n log2 (1 + γ̂k1,n(t)), (4.27)

where B̂1,n is the bandwidth for RB n in PCC. Similarly, the achievable rate for UE k on
RB n in CC m at the NR side is denoted by R̃k

m,n and expressed as,

R̃k
m,n(t) = B̃m,n log2 (1 + γ̃km,n(t)) (4.28)

where B̃m,n is the bandwidth for RB n in CC m. Let R̂k(t) and R̃k(t) be the UL rate for
UE k achieved by transmitting to eNB and gNB, respectively. By denoting Rk(t) as the
total achievable rate for UE k, we have,

Rk(t) = R̂k(t) + R̃k(t), (4.29)

where R̂k(t) =
∑

n∈N1

βk
1,nR̂

k
1,n(t) and R̃k(t) =

∑
m∈M̃

αk
m

∑
n∈Nm

βk
m,nR̃

k
m,n(t).

Problem statement

In CA, a UE sends and receives through multiple CCs, PCCs and SCCs, from a single node,
eNB or gNB. Meanwhile, EN-DC enables a UE to send and receive its data concurrently
through the CCs from a master eNB and a secondary gNB.

In [9], the problem of joint UL power control and CA in 5G networks with EN-DC is
addressed. For the UL transmission, based on [129], we describe the scenario where the
eNB selects a CC in a low-frequency band, and a gNB selects three CCs in the mid-band
frequency. There are two PCCs for a UE activated from the eNB and its serving gNB,
respectively, and we use RR algorithm to allocate the RBs in the PCCs. A UE with a
rate-hungry application may not meet its QoS (delay) requirement by only transmitting
through the PCCs. Thus, SCC(s) from a gNB may need to be activated. We assume the
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gNBs use the same spectrum for their CCs. Therefore, the UEs transmitting through their
activated CCs from gNBs could interfere. Thus, the UL transmit power levels through the
PCCs and the SCCs should be adjusted carefully.

As mentioned before, in the networks supporting EN-DC technology, two different
schemes, i.e., DPS and EPS, can be used to adjust the UL transmit power level. In DPS,
the UL transmit power is dynamically calibrated. While in ESP, the UL transmit power
level is equally divided between the eNB and the gNB. EPS may degrade the network
performance because the time-varying characteristics for the channels and UE traffic in 5G
networks are not taken into consideration [95]. Thus, the network performance (network
throughput) would degrade [111]. Based on a study performed in [111], the DPS technique
offer 40% more of the average total throughput than ESP. Therefore, we focus on DSP and
state the following multi-objective optimization problem for the CA, RB allocation and
UL power control,

min. Total delay for the UEs in Kb ∀b ∈ B
min. Total UL power consumption for the UEs in Kb ∀b ∈ B,
s.t. QoS (delay) requirement in (4.6), ∀k ∈ K,

UL total transmit power level in (4.23), ∀k ∈ K,
Number of CCs,
Number of RBs in CC m ∀m ∈M,

var. CC activation and RB allocation indicators,
UL transmit power level for UE k to eNB and gNB b ∀b ∈ B,∀k ∈ Kb

(4.30)

In (4.30), B, Kb, M are the set of gNBs, set of UEs in gNB b, and the set of CCs,
respectively. The above problem is a multi-objective optimization problem. Specifically,
each gNB tries to minimize the total delay for the UEs in its coverage area [obtained from
(4.4)] and the total power consumption of the UEs in Kb for activating/deactivating the
SCCs [obtained from (4.24)]. This multi-objective optimization problem has two sets of
integer (binary) and continuous variables. Therefore, it is a mixed-integer programming
multi-objective optimization problem and is hard to solve. The integer variables correspond
to CC management and RB allocation. As mentioned in [10], the CC management and
RB allocation can be performed jointly or dis-jointly. This motivates us to perform CC
management and RB allocation separately. We specifically focus on UL power control and
CC management and employ the RR algorithm for RB allocation. To address the problem
of UL power control and CC management, we develop a multi-agent RL system with a
compound-action space (which contains both continuous action and discrete action) and
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propose Algorithm 4.4 to solve it. The details for deriving the algorithm are given in the
next section.

4.3.2 Intelligent CA and UL Power-Sharing: A Compound-Action
Actor-Critic Approach

In [9], considering the main objective of the optimization problem (4.30) for a given gNB
b which minimizes the total delay for the UEs in Kb and at the same time minimizes the
power consumption for the UEs in Kb to activate the SCCs, we use the framework in [60],
CA2C method, to derive a resource management scheme for joint CA and UL power control
in EN-DC wireless networks.

The proposed multi-agent RL system with compound-action space

As aforementioned, based on 3GPP, for UL transmission in 5G networks with EN-DC
technology, we consider the scenario wherein only one CC in low-band would be activated
by the eNB. We assume that this CC is the always-activated PCC. Each UE has another
always-activated PCC at the NR side. Additionally, the SCC would be activated by gNBs
for their associated UEs (i.e., the ones in their coverage area). As depicted in Fig. 4.6, the
RR algorithm is used for allocating the RBs on the always-activated PCCs. Furthermore,
a multi-agent CA2C-based algorithm is employed to activate the SCCs and adjust the UL
transmit power level for both gNBs and eNB. Like the one employed to allocate the RBs
in PCCs, the RR algorithm is used by each gNB to allocate the RBs in the activated SCCs
to the UEs. To jointly perform CC activation and UL power adjustment, we develop a
multi-agent RL system with a compound action space. The details for the set of agents,
reward function, state space and action space are given below.

At a given time t, let us denote the immediate reward for a given gNB b ∈ B by ηb(t).
We define ηb(t) in terms of the total delay and the total UL power consumption for the
UEs in Kb:

ηb(t) = −
( ∑

k∈Kb

q̂k(t)

Rk(t)
+ ωb

∑
k∈Kb

P k(t)
)
=

−
( ∑

k∈Kb

q̂k(t)∑
n∈N1

βk
1,nR̂

k
1,n(t) +

∑
m∈M̃

αk
m

∑
n∈Nm

βk
m,nR̃

k
m,n(t)

+ ωb

∑
k∈Kb

P k(t)
)
.

(4.31)
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In (4.31), ωb is the unit price for the total amount of power consumed by the UEs assigned
to the gNB b for activating the SCCs. Let Φb be the long-term reward for gNB b. Φb can
be expressed as the weighted sum of the short-term reward ηb(t) as follows,

Φb =
T−1∑
t=0

λtηb(t). (4.32)

In (4.32), we have 0 ≤ λ ≤ 1. Specifically, if λ = 0 then Φb = ηb(0); otherwise, by
the passing of time, the weighted immediate reward (i.e., λtηb(t)) becomes smaller with
negligible impact on long-term reward Φb.

Motivated by the objective function in optimization problem (4.30), we address the
problem where each gNB b tries to maximize its long-term reward, which is given in
(4.32). This problem can be restated as a stochastic game, and the MDP can be used
to address the game, i.e., finding the Nash equilibrium at each state. However, complete
knowledge about the environment would not be available in 5G network (e.g., the transition
probability between the states in the MDP). We formally express the MDP as a multi-agent
model-free RL system to tackle this issue. The authors also used this method in [1,33]. To
address the RL system, we employ the CA2C algorithm proposed in [60].

Set of agents and reward function: The set of gNBs, B = {1, . . . , B}, is the set of
agents. The immediate and long-term reward functions for each agent b are given in (4.31)
and (4.32), respectively.

State space: In our proposed multi-agent RL system, all agents have the same state
space given in terms of the UE delay requirements. Let us denote the state space by S
and define it as,

S =
{
s(t) | s(t) = [sk(t)]k∈K and sk(t) ∈ {0, 1}

}
. (4.33)

Specifically, sk(t) = 1 if the target delay requirement in (4.6) is satisfied for UE k. Oth-
erwise, i.e., if (4.6) is not satisfied for UE k, we have sk(t) = 0. Based on (4.33), we have
| S |= 2K , and therefore the dimension of state space, | S |, grows exponentially when the
number of the UEs, K, increases.

Action space: For a given gNB b (agent b) in the multi-agent RL system, the action
corresponds to activating/deactivating the SCCs for the UEs covered by the gNB and
adjusting its assigned UE UL transmit power levels to gNB b and eNB. Let Ab be the
action space for gNB b. So, we have

Ab =
{
ab =

(
αb(t), rb(t)

)
| αb(t) = [αk

m(t)]k∈Kb,m∈M̃ and rb(t) =
[(
r̂k(t), r̃k(t)

)]
∀k∈Kb

}
(4.34)
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In (4.34), αb(t) is composed of zero and one. We have αk
m = 1 if the SCC m is activated

for UE k ∈ Kb and αk
m = 0, otherwise. Therefore, αb(t) is a discrete action. On the other

hand, rb(t) is the action for adjusting the UL transmit power level for the UEs in Kb to
gNB b and eNB. Hence, rb(t) is a continuous action. Given

(
αb(t), rb(t)

)
, the UL transmit

power levels for the UE to the eNB, and the gNB b are presented byp̂
k(t) = r̂k(t), p̃k(t) = r̃k(t) if r̂k(t) + r̃k(t) ≤ pkmax,

p̂k(t) = min(r̂k(t),
pkmax

2
), p̃k(t) = min(r̃k(t),

pkmax

2
) if r̂k(t) + r̃k(t) > pkmax.

(4.35)
Based on the above discussion, for the gNB b, the action space Ab consists of both discrete
and continuous actions and thus is a compound-action space with a high dimension. Thus,
the compound-action and state spaces will be huge for our proposed multi-agent RL system.
To address it, we employ the framework developed in [60].

The proposed compound-action actor-critic algorithm

Taking advantage of the DDPG algorithm [64] and DQN algorithm [63], the authors in [60]
derived a CA2C method to learn the optimal policy. In this subsection, by employing the
CA2C algorithm in [60], we propose a learning approach to derive the optimal policy in
order to handle both continuous and discrete action, i.e., adjusting the UL transmit power
levels of each UE to the gNB and eNB, respectively, and activating/deactivating the SCCs
for the UEs.

Let π = (π1, . . .πB) be the policy profile for the gNBs. Specifically, for a given gNB b,
πb is a function from a given state s to action ab, i.e., πb : S 7→ Ab. So, the policy profile π
corresponds to patterns of behavior for the gNBs at the different states of the environment,
and thus, their policy should be optimized to maximize the long-term reward for the gNBs
[given in (4.32)]. Let π∗ = (π∗

1, . . .π
∗
B) be the optimal policy profile for the gNBs. To find

the optimal policy for a given gNB b, both current and future rewards for the agent should
be considered. For a given state s and action ab, let Qb(πb,π−b, s, ab) be the Q-function for
gNB b where πb is the policy for agent (gNB) b, and π−b = (π1, . . . ,πb−1,πb+1 . . .πB) is
the policy for the others. For ease of reference, from here on, we use the notation Qb(s, ab)
for gNB b Q-function. Specifically, Qb(s, ab) is defined in terms of the expectation of the
weighted sum of the short-term reward for the agent [61]. Based on what is discussed in [60]
and [1], the optimal policy for an agent gNB b is the policy under which the Q-function
for the agent is maximized, i.e.,

a∗
b = π∗

b (s) = arg max
ab∈Ab

Q∗
b(s, ab), ∀s ∈ S. (4.36)
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Figure 4.7: Actor-critic-based method for training the DNNs used to approximate Q∗
b and

ν∗
b for an agent b.

The action space is composed of continuous and discrete actions in the above problem. We
use the CA2C algorithm in [60] to find the optimal policy. The details are given in what
follows.

For a given gNB (agent) b, let us decompose the optimal policy π∗
b into two optimal poli-

cies to adjust the UL transmit power levels to eNB and gNB b and activating/deactivating
SCCs, respectively. For a gNB b, given state s and discrete action αb (which corresponds
to activating the SCCs for the UEs in Kb), let ν∗

b(s,αb) denote the optimal policy to adjust
the UL transmit power levels to the LTE and NR BSs. The best action taken to activate
the SCCs for the UEs in Kb is obtained as follows [60],

α∗
b = arg max

αb∈Ab

Q∗
b

(
s, (αb,ν

∗
b(s,αb))

)
(4.37)

In (4.37), finding the exact value for Q∗
b and ν∗

b is challenging because the action and
state space are high dimensional. To address this issue, we use the DNN to approximate
them. We employ the CA2C algorithm in [60] wherein the DQN and DDPG algorithms
are employed to train the corresponding DNNs separately. The details are provided below.

As illustrated in Fig. 4.7, for a given agent b, two separated DNNs, i.e., actor DNN
with parameter θb and critic DNN with parameter wb, are used to approximate the Q∗

b

and ν∗
b , respectively. Let us denote the parametrized Q-function and the parametrized

policy for adjusting the UL transmit power level to the eNB and gNB b by Qb(s, ab,wb)
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Algorithm 4.2 CA2C-based Algorithm for UL Power-Sharing and CA: Critic Network
Training Algorithm
Input: A sample experience etb = [s, ab, ηb, s

′], online network parameter θb, target net-
work parameter θ−

b , parameter τ ;
Output: Updated parameters for critic online networks and critic target networks;
1: procedure
2: Given s′ and αb(t) (which corresponds to activating SCCs), obtain the

output for the actor online network, i.e., rb(t) =
[(
r̂k(t), r̃k(t)

)]
∀k∈Kb

and calculate pb(t) =
[(
p̂k(t), p̃k(t)

)]
∀k∈Kb

using (4.35);

3: Given rb(t) and s′ as input to critic target network, obtain the Q-
function and update αb(t) based on (3.58);

4: Given αb(t) and s′ as input to actor target network, update rb(t) and
pb(t);

5: Obtain the target value for the critic as the summation of ηb(t) and the
Q-function calculated by the critic’s target network, which is multiplied
by the discount factor;

6: Employing optimizer (e.g., Adam algorithm), update the parameters
for the critic online network using (A.9b);

7: Update the parameter for critic target network as w−
b = τw−

b + (1 −
τ)wb.

8: end procedure

and νb(s,αb,θb), respectively. For gNB b (agent b), the state s and αb (which are pertinent
to the activated SCCs for the UEs in Kb) are first given as the input to the actor DNN.
The actor DNN approximates νb(s,αb,θb) to obtain the continuous action rb(t). Then,
given state s and rb(t) to the critic network, the Q-function for agent b, Qb(s, ab,wb), is
approximated. Based on (3.58), Qb(s, ab,wb) is used to activate the SCCs for the UEs in
Kb.

Training procedure: By following the procedure illustrated in Fig. 4.7 and using
(A.9a) and (A.9b), we modify the algorithm for training the actor and critic networks
in Algorithm 2.1 and Algorithm 2.2, respectively, and derive Algorithm 4.2 and
Algorithm 4.3 as follows.

The proposed CA2C-based algorithm: Now, by using the training algorithm for
the actor and critic networks, i.e., Algorithm 4.2 and Algorithm 4.3, we derive a
CA2C-based algorithm to activate the SCCs and adjust the UL transmit power level for
each UEs to its serving gNB and eNB. We call it the Intelligent Joint power-sharing and

125



Algorithm 4.3 CA2C-based Algorithm for UL Power-Sharing and CA: Actor Network
Training Algorithm
Input: A sample experience etb, online network parameter wb, target network parameter

w−
b , parameter τ ;

Output: Updated parameters for actor online networks and actor target networks;
1: procedure
2: Calculate the gradient of function Jb(θb) with respect to continuous ac-

tion in all sampled experience form replay buffer Db (by using equation
(28) in [60]);

3: Using the actor optimizer (e.g., Adam algorithm), update actor online
parameter based on (A.9a);

4: Update the parameter for actor target network as θ−
b = τθ−

b +(1−τ)θb.
5: end procedure

CA (JPSCA) algorithm. It is noteworthy that to make a trade-off between exploration
and exploitation, given the continuous action, we use the ϵ−greedy algorithm to adopt the
discrete action in the critic side, which is given by,

αb =

{
arg max

αb∈Ab

Qb(s, ab,wb) with the probability of 1− ϵ,

randomly adopted from Ab with probability of ϵ.
(4.38)

Accordingly, the details for the Intelligent JPSCA algorithm are given in Algorithm 4.4.
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Algorithm 4.4 Proposed JPSCA algorithm
Input: The action set for each gNB b, i.e., Ab, ∀b ∈ B, target delay requirement for the

UEs in Kb;
Output: Optimal policy for activating/deactivating the SCCs for the UEs in Kb and

adjusting UL transmit power level for the UEs to their serving gNB b and eNB;
Initialize: Experience memory Db, b ∈ B, actor online network parameters θb, b ∈ B, actor

target network parameters θ−
b = θb, b ∈ B, critic online network parameters

wb, b ∈ B, critic target network parameters w−
b = wb, b ∈ B;

1: procedure
2: for episode = 1 : Tcca : Tsim do
3: Initialize the network state s;
4: for step = 1 : T do
5: Given state s and the continuous action rb, each gNB b ∈ B uses its

critic online network and approximates action-valueQb(s, ab,θb), ∀αb ∈
Ab and adopts αb by using (4.38);

6: Given state s and the discrete action αb (corresponds to SCC activation
for the UEs in Kb), rb is obtained, which is used to adjust the UL
transmit power level for the UEs in Kb to the NR and LTE BSs by
using (4.35);

7: RR algorithm is used by eNB and gNBs for RB allocation to the UEs
sharing the SCCs and PCC;

8: The next state s′ is obtained via the message passing and ηb, ∀b ∈ B
is obtained by each gNB b;

9: Store experience etb = [s, ab, ηb, s
′] in memory Db for b ∈ B;

10: Each gNB b ∈ B samples random mini-batch of transitions [s, ab, ηb, s
′]

from Db;
11: The parameters of the DNNs for each gNB b are updated by using

Algorithm 4.2 and Algorithm 4.3;
12: Set s← s′;
13: end for
14: end for
15: end procedure

4.3.3 Complexity Analysis

Based on Algorithm 4.4, at a given time t, the message passing between a gNB b and
its served UEs in Kb is depicted in Fig. 4.8. For CA and DPS, we have two main parts:
action selection and training the actor and critic DNNs. The complexity analyses for each
part are provided in the following.
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The gNB b uses Critic online network to
update 𝜶! and activate/deactivate a SCC for
each UEs in𝒦!

The gNB b uses Actor
online network to update 𝒓!

𝒓! is used by UEs in 𝒦! to
adjust their UL transmit
power levels to the gNB
and the eNB

The gNB and the eNB use RR
algorithm to assign RBs on the
activated SCCs and the PCCs
to the UEs in𝒦!

The UEs in 𝒦! update their achievable rate and check if their delay
requirements are satisfied or not and send them to the gNB which is
used to obtain the next state 𝒔". The UEs’ rate are used by the gNB b to
update its reward (cost) function, 𝜂!.

The gNB saves the experience
𝒆!# = [s, 𝒓! , 𝜶!, 𝜂! , 𝒔"] in 𝒟!
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Figure 4.8: The message passing between a gNB b and its assigned UEs in Kb for CA and
DPS at a given time t .

Action selection complexity: For a given gNB b, based on Algorithm 4.4, the
action selection corresponds to activating/deactivating a SCC and adjusting the UL trans-
mit power level for each UE k ∈ Kb to the gNB and the eNB. This would be the most
complicated part of the algorithm.

Given the fully connected actor and critic DNNs with a fixed number of hidden layers
and neurons in each of them, for a given input, the computational complexity is pertinent
to the sum of input and output sizes [101]. Based on equations, (4.36) and (4.33), the
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input size for the actor and critic DNNs are K+Kb×M̃ and K+2×Kb, respectively. The
term Kb × M̃ corresponds to that each UE k ∈ Kb employs a one-hot vector to activate a
SCC. The complexity for calculating the Q-value function is O(K +Kb × M̃). Each gNB
should select the Q-value among all CCs. Therefore, the computational complexity for
action selection corresponds to O(K × M̃2).

Training process complexity: In this part, the complexity for the forward and
backward propagations should be obtained. Let Tb be the training batch for updating
the weights for the actor and critics DNNs. Based on the above discussion, the forward
propagation complexity would be O(Tb×(K×M̃2)). For a given gNB b, based on equation
(28) in [101], the Q-value function is needed to update the weights of the actor and critic
DNNs is needed. Additionally, the complexity of the backward propagation algorithm
corresponds to the product of the size of the input layer and the one for the output layer.
For a given gNB b, the size for the outputs of actor and critic DNNs are 2 × Kb and
Kb×M̃ , respectively. Wherefore, the computational complexity for the training procedure
corresponds to O(Tb ×K2 × M̃).

4.3.4 Simulation Results

As depicted in Fig. 4.6, we consider an EN-DC network consisting of one eNB and K
number of UEs. Additionally, B = 5 gNBs are randomly inserted in the coverage area
of the eNB. The eNB has a circular coverage area with a radius of 500 meters, and the
circular coverage area for each gNB has a radius of 50 meters. A given gNB b can serve a
number of Kb UEs uniformly distributed over its coverage area where 2 ≤ Kb ≤ 5. Based
on [126] for our setup, only one CC in low-band, 800 MHz, can be activated by the eNB
for the UEs. We consider this CC the always-activated PCC for the UEs at the LTE side.
Also, for each gNB, three CCs operate in mid-band frequency (3.5 GHz). Two of these
CCs are considered SCCs that can be activated/deactivated at any time, and one of them
is the always-activated PCC for the UEs at the NR side. For the DNNs, an input layer,
three hidden layers and an output layer are considered. The number of neurons in the
hidden layers is 128, 512 and 1024, respectively. The optimal gradient descent algorithm,
ReLU activation function and Adam optimization are used to update the weights for the
DNNs. Through the simulations, we set the hyper-parameters, e.g., ϵ and learning rate ζ.
The simulation parameters and the structure for the DNN are given in Table 4.3.

For the simulation, FTP traffic, i.e., FTP model 3 is employed [121] to model the
bursty traffic, and we assume the file arrives at the scheduler in one burst. In FTP model
3, the number of UEs is fixed, and each UE’s files arrive with the Poisson distribution.
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Table 4.3: Simulation parameter and hyper-parameters for the learning algorithms

Parameter Value
Max. UL transmit power level [126] 26 dBm

Average target delay [8] 150 msec
Tcca [8] 200 msec

M̂ and M̃ [126] 1, 3

Carrier Setting [8]

CC1 is the CC in low-band frequency
(800 MHz) with 5 MHz bandwidth CC2

and CC3 are the CCs in mid-band frequency
(3.5 GHz) with 10 MHz bandwidth

PHY numerology [8]
15 kHz sub-carrier spacing,

PRB size of 12 sub-carrier (180 kHz),
1ms slot length

Traffic Model and parameters [8]
3GPP FTP model 3,
[µ, σ] = [12.5, 0.35],
λT ∈ {10, 15, 20}

Number of episodes and steps 100, 100
Discount factor(λ), ϵ [8] 0.9, 0.1
Learning rate (ζ), τ [8] 0.01, 0.01
Replay memory size [8] 500

Optimizer and activation function [8] Adam and ReLU
Device parameters for mid-band

frequency (αL, βL, αH , βH ,ΓD) [128] 14.25 mW/dbm, 2.1625 W, 117.5 mW/dbm, 1.22 W, 16 dbm

Device parameters for low-band
frequency (αL, βL, αH , βH ,ΓD) [128] 7.5 mW/dBm, 1.325 W, 10−6 mW/dBm, 2.3 W, 16 dBm

Thus, the inter-arrivals have exponential distributions. Therefore, the file arrivals have
Poisson distributions with λT inter-arrival rate. Additionally, for the file size, a log-normal
distribution [124] with parameters µ as mean, and σ as standard deviation is selected. That
is, given qk as the average file size for a UE k, ln

(
qk
)

has a normal distribution N(µ, σ)
and we have qk = exp(µ+ 0.5× σ2).

In this section, we evaluate the performance of the JPSCA algorithm in comparison
with the following baseline algorithms: ACPS (All-activated CCs and power-sharing)
algorithm and heuristic AEPS (All-activated CCs with Equal power-sharing) algorithm.
All CCs are activated for the UEs in both baseline algorithms. In ACPS, the DDQN
algorithm [58] is used to adjust the UL transmit power for each UE to the BSs. The
details for the ACPS algorithm are given in Appendix B.3. Note that for the AEPS
algorithm, the UL transmit power level for the UE k ∈ Kb to its serving gNB b and that
to the eNB are the same.

130



Figure 4.9: Convergence behavior for CA2C-based (JPSCA) algorithm.

4.3.5 Convergence Behaviour of JPSCA Algorithm

To study the convergence behavior for the reward function of a given gNB by using the
proposed JPSCA algorithm, we consider a scenario with an eNB and two gNBs. The
network has six UEs, uniformly distributed in the coverage area. JPSCA algorithm is a
CA2C-based algorithm. The convergence of the CA2C algorithm has been proven in [60].
Hence, using the JPSCA algorithm, the average weighted reward function for each gNB
converges to a stationary point. This is shown in Fig. 4.9, as well. It is noteworthy that
the DNNs for different agents (gNBs) do not necessarily have the same weights. Therefore,
the stationary point for the average weighted reward function for each gNB would not
be the same because each gNB uses its DNNs to adjust the UL transmit power level and
activating/deactivating the SCCs for the UEs in its coverage area.

4.3.6 Performance Evaluation

To evaluate the performance of JPSCA algorithm, we compare it with the performance of
ACPS and AEPS algorithms in terms of the average rate per UE, average delay per UE,
average number of activated CCs per UE, average UL consumed power per UE, and average
UL transmit power levels for each UE to its assigned gNB and eNB which are illustrated
in Figs. 4.10, 4.11, 4.12, 4.13, 4.14a, 4.14b, respectively. In the simulations, we have
considered B = 5, and different number of UEs, i.e., K ∈ {10, 15, 20, 25}. The limitation
of the number of gNBs and the UEs in simulation results is due to using an actor-critic
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Figure 4.10: Average rate per UE for CA2C-based (JPSCA) algorithm vs. all CCs acti-
vated DDQN-based (ACPS) algorithm, and all CCs activated static power-sharing (AEPS)
algorithm.

Figure 4.11: Average delay per UE for CA2C-based (JPSCA) algorithm vs. all CCs acti-
vated DDQN-based (ACPS) algorithm, and all CCs activated static power-sharing (AEPS)
algorithm.

algorithm. JPSCA algorithm is an actor-critic algorithm that can be slow for several
reasons: the complexity of the algorithms, the size of the network, and the difficulty of
optimizing the network parameters. Specifically, two separate networks - the actor network
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Figure 4.12: Average number of activated CCs per UE for CA2C-based (JPSCA) algorithm
vs. all CCs activated DDQN-based (ACPS) algorithm and all CCs activated static power-
sharing (AEPS) algorithm.

Figure 4.13: Average UL power consumption per UE for CA2C-based (JPSCA) algorithm
vs. all CCs activated DDQN-based (ACPS) algorithm, and all CCs activated static power-
sharing (AEPS) algorithm.

and the critic network - must be trained together, which can be computationally expensive
and time-consuming. In addition, optimizing the network parameters can be challenging,
especially in environments with large state and action spaces.
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(a) (b)

Figure 4.14: Average UL transmit power level per UE to gNB (a), and average UL transmit
power level per UE to eNB (b) for CA2C-based (JPSCA) algorithm vs. all CCs activated
DDQN-based (ACPS) algorithm and all CCs activated static power-sharing (AEPS) algo-
rithm.

Based on Fig. 4.10, by employing ACPS, AEPS and JPSCA algorithms, the average
achievable rate per UE decreases as the number of UEs increases. The more the number
of UEs, the less the number of allocated RBs to each UE. The achievable rate per UE by
employing JPSCA is higher than those obtained by using AEPS and ACPS algorithms.
However, all CCs are activated for each UE in the baseline AEPS and ACPS. On the
one hand, in JPSCA algorithm, CC management and UL power control are performed
jointly. Additionally, by activating all CCs for all UEs in AEPS and ACPS algorithms, the
interference through the RBs in CCs increases which could degrade the UE rates even more.
It is notable that since the UL power control for each UE in ACPS algorithm is intelligently
performed by using the DDQN algorithm, the performance of ACPS algorithm in terms
of achievable rate for each UE is higher than that for AEPS algorithm where the UL
transmit power levels for each UE to its serving gNB and the eNB are the same. Similarly,
we can evaluate the performance of AEPS, ACPS and JPSCA algorithms in terms of
the delay for each UE. Specifically, based on Fig. 4.11, as the number of UEs grows,
the rate for each UE declines, but the delay per UE increases. However, the performance
of the JPSCA algorithm in terms of the delay for each UE is better than AEPS and
ACPS algorithms. For instance, for up to almost 25 UEs, the delay obtained by each of
UEs using the JPSCA is around the target delay for the URLLC applications in 5G. This
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can be because of intelligently joint power and CC management in JPSCA algorithm by
using the CA2C algorithm. Meanwhile, in the ACPS algorithm, where the UL transmit
power level per UE is intelligently adjusted, the delay per UE is lower than that for AEPS
algorithm.

For the small cell NRs with limited resources, using the JPSCA algorithm for CA and
UL power control results in better performance in terms of the average number of activated
CCs and UL power consumption for each UE. According to Figs. 4.12 and 4.13, the
average number of activated SCCs per UE and the average UL power consumption are
lower than those obtained by employing ACPS and AEPS algorithms. This is because
of intelligent joint CC management and UL power-sharing in JPSCA algorithm. Also,
since the UL power-sharing in ACPS is performed using the DDQN algorithm, it performs
better than the AEPS algorithm.

As observed in Fig. 4.14a, by using JPSCA algorithm, the UL transmit power level
per UE to its serving gNB is higher than those of the ACPS and AEPS algorithms.
Based on (4.24), the UL power consumption for a UE is a linear function over both UL
transmit power level and the operating frequency. By using the JPSCA algorithm, as
illustrated in Fig. 4.12, the number of activated SCCs per UE is reduced preventing the
dramatic increase in the total UL power consumption for each UE. However, as the number
of activated SCCs decreases, to intelligently make a trade-off between minimizing the delay
and minimizing the UL power consumption, the UL transmit power level per UE to its
serving gNB increases (which results in a more achievable rate for each UE).

Illustrated by Fig. 4.14b, as the UL transmit power levels for the UEs to gNBs increase,
the UL transmit power level for the UEs to the eNB would decrease [based on constraint
(4.23)] resulting in a lower total UL power consumption for each UE. For the number of 25
UEs, there is an increase in the UL transmit power level to the eNB per UE. For serving
25 UEs, compared with 20 UEs, using the RR algorithm results in fewer RBs allocated to
each UE in the PCC. On the other hand, setting the delay degradation rate for 25 UEs
to be the same as that for 20 UEs, it is necessary to prioritize minimizing the total UEs’
delay concerning the UE power consumption. Thus, a trade-off between the UL power
consumption and the delay for the UEs using the JPSCA algorithm occurs when the
average number of activated SCCs at the NR side and the allocated RB at the LTE side
decreases. This is obtained by increasing the UL transmit power level per UE to the eNB.
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Chapter 5

Conclusion

With the advent of advanced technologies, e.g., MEC, CA and DC, in the next-generation
wireless networks, high-dimensional resource management problems with combinatorial
characteristics arise in a dynamic environment. Therefore, despite their advantages in
boosting the achievable rate, providing the UEs with powerful computation resources at
the edge, and enhancing the coverage, the technologies above pose tremendous challenges
to resource management in the next-generation wireless networks. As a promising tool to
tackle the high-dimensional and dynamic resource management problem, ML provides the
network with significant enhancement and agility. In this thesis, having taken the next-
generation wireless networks with MEC, CA and DC functionalities into consideration,
we formally express the resource management problems in a dynamic environment as a
stochastic game and use some concepts in DRL, e.g., DDQN and CA2C algorithms, to
solve the formulated games. Several findings have been noted from this thesis, which can
be summarized in the following points:

5.1 Intelligent Resource Allocation at Edge

In this thesis, we proposed a distributed multi-agent DRL-based method to jointly tackle
the resource management and offloading problem in MEC-enabled wireless networks. We
considered both partial and binary offloading schemes. The objective of the proposed
scheme is to enhance the rate, and reduce both UL power and the cost of computation en-
ergy. The actions of the agents are simultaneously selected via message exchanges between
agents. By this, a DDQN-based algorithm is proposed and shown to outperform other deep
learning approaches under fixed and mobile users for large network sizes. Additionally, a
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distributed multi-agent DRL-based method is proposed to tackle the problem of partial
offloading of computational loads of VNFs belonging to an SFC in MEC-enabled wireless
networks. Specifically, the VNFs in an SFC request can be performed locally or offloaded
to a MEC server. The objective is to minimize the delay and energy of executing an SFC
request. Finally, we proposed a multi-agent DRL-based algorithm to study the problem
of joint power allocation and offloading in UAV-MEC-assisted smart farms. Focusing on
the interdependent tasks performed by the UAVs and their topology, we aimed to mini-
mize the ETC for each UAV subjected to the energy budget constraint for the UAVs. The
combination of RL and GCN was employed to solve the problem.

5.2 Energy and Delay Aware Carrier Aggregation in 5G
Networks

In 5G networks with CA, we proposed a multi-agent DDQN-based CC management algo-
rithm. We aimed to minimize the delay for bursts of data and the UE power consumption.
Then, we extended our work and studied the problem of dynamic power-sharing in EN-DC
networks with CA technology. Specifically, the problem of minimizing the delay and UE
power consumption is formally expressed. The optimizing variables are continuous and dis-
crete variables corresponding to adjusting UE UL power levels and activating/deactivating
the SCCs, respectively. To address this problem, a CA2C-based algorithm is proposed to
jointly adjust the UL transmit power level for the UEs to the BSs and activate the SCCs.
Such an intelligent joint resource management scheme performs better in power consump-
tion and the number of activated CCs. Additionally, it has a better achievable rate and
delay performance than all CCs activated algorithms where the UL power control and CA
are performed separately.

5.3 Future Work

In near beyond 5G wireless networks, AI-enabled edge computing will play a pivotal role in
supporting the emerging fully-autonomous Internet of Everything (IoE) services. Digital
Twins (DTs) are candidate to enable the IoE applications. Therefore, a large excessive
amount of complex real-world DTs are expected to emerge. This necessitates underlying
communication networks with extreme reliability and data rates to represent the DTs a
hi-fi model and sustain their required high QoS. To implement the DTs at the edge of
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the network and meet their challenges, some advanced ML methods, e.g., Transfer Learn-
ing (TL) and Continual Learning (CL), should be resorted to adapt the digital duplicate
seamlessly.

Transfer Learning refers to using the knowledge gained from one machine learning
problem in another. It can be considered an application of pre-training (i.e., using the pre-
trained DNNs in the ML model). Specifically, in untrained DNNs, the network parameters
are initialized with random values. Then, these parameters are optimized iteratively to
meet the desired objective. On the other hand, pre-training a neural network refers to
training a model on one task or data set and then using the parameters or model from this
training to train another model on a different task or data set, which gives the model a
head start instead of starting from scratch. The most crucial aspect of pre-training neural
networks is the task at hand. That is, the task from which the model initially learns must
be similar to the task model used in the future. Therefore, the main component of transfer
learning involves using pre-trained models to gather knowledge from one task and apply
it to other tasks. By using the transfer learning AI, applications can be developed faster
and in a more efficient way.

Furthermore, in DTs, triggering a duality that requires synchronization between the
Physical Twin (PT) and the Cyber Twin (CT), high-fidelity of the CT in reflecting the
status of PT, and history awareness of the DT states. The first feature guarantees to pre-
serve the real-time interaction, and diminish the possibility of interrupting the operations
and simulations for CT. The two last features provide a precise duplicate in the various
phases experienced by the PT and knowledge attained from past experiences into future
states, respectively. Accordingly, CL at the edge of the network, continuously operating
in a dynamic non-stationary environment, can be employed to simultaneously maintain
synchronous, accurate, and history-aware DTs.

138



Appendix A

A.1 Proof of Theorem 3.1

For a given user m, if αmβm = 00 (the selected offloading mode is binary offloading
with completely local computation), the immediate reward is given in terms of CPU fre-

quency for that user, i.e., we have, ηm(fm) =
Tfm
C
− wm

(
τ0Pr,m + Tγcf

3
m

)
. Therefore, to

maximize ηm(fm), the value of ηm(fm) in critical points are obtained and thus we have,
fm =

√
(3γcCwm)−1. In this situation, the uplink transmit power level for offloading the

computation task at any MEC server equals to zero.

For a user m ∈ M2
1, given the offloading scheme for the users (i.e., αi and βi for all

users), the utility function for user m, i.e., ηm, would be given in (A.1)

ηm =



Tfm
C

+
Bτ

νm
log

(
1 +

hmpm
M∑

i>m

(αi + βi)hipi + σ2
0

)
−

wm

(
τ0Pr,m + ϵτ(pm + Pc,m) + Tγcf

3
m(t)

)
if user m ∈M2 partially offloads its task,(Bτ

νm
log

(
1 +

hmpm
M∑

i>m

(αi + βi)hipi + σ2
0

)
−

wm

(
τ0Pr,m + ϵτ(pm + Pc,m)

)
if user m ∈M2 completely offloads its task,

(A.1)
where τ0, Pr,m, Pc,m, and τ are fixed values. To concurrently maximize the utility function
for the users, since the UL transmit power level for a given user m and the CPU frequency

1M2 is the set of users either partially or completely offload their computation task onto MEC server
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for that user are not coupled, the CPU frequency for user m, i.e., fm, is obtained similar to
that obtained for the situation where the computational task performed locally. That is, we
have, fm =

√
(3γcCwm)−1. To obtain the transmit power level for each user, we employ the

game theory-based power control scheme in [118]. Specifically, given the CPU frequency
for the users, the utility function ηm is based on that in reference [118]. In reference [118],
the utility for each user is the difference between an increasing concave function over the

transmit power level for that user [e.g.,
Bτ

νm
log

(
1 +

hmpm
M∑

i>m

(αi + βi)hipi + σ2
0

)
in (A.1)] and

a linear function over the transmit power for the user [e.g., wm

(
τ0Pr,m+ ϵτ(pm+Pc,m)

)
in

(A.1)]. As mentioned in [118], the UL transmit power level for the users are obtained by
finding the Nash Equilibrium (NE) for the game. Accordingly, in a system with a limited
UL transmit power level for the users, the proposed power control scheme in [118] prevents
users from unilateral deviation from the NE (e.g., greedily increasing the UL transmit
power level); additionally, it limits the level of interference imposed from the other users
to user m [118].

Similarly, we formulate the non-cooperative game G2 = ⟨M2,P , ηm⟩ where P = ×m∈M2Pm

and Pm = [0, . . . , pm]. In this game, for any user m ∈ M2, the strategy space Pm

is compact, convex, and non-empty. Additionally, for a given user m ∈ M2, we have
∂ηm
∂pm

=
Bτ

νm
× hm∑

i∈M2,i>m

hipi + σ2
0 + pmhm

− wmϵτ . For user m ∈ M2, by setting wm ≤

B

νmϵ
× hm∑

i∈M2,i>m

hipi + σ2
0 + pmhm

, we have
∂ηm
∂pm

≥ 0 and thus ηm is increasing function

over Pm. Furthermore, we have
∂2ηm
∂p2m

=
Bτ

νm
× −h2m

(
∑

i∈M2,i>m

hipi + σ2
0 + pmhm)2

; therefore,

∂2ηm
∂p2m

≤ 0 and thus ηm is a concave function over Pm. That is, for any user m ∈M2, ηm is

a concave and increasing function over Pm and therefore, there is a NE point for G2 [100].

As mentioned in [100], we say p∗ = [p∗m]
T
m∈M2

is a NE if, for any given user m ∈ M2,
we have ηm(p∗m,p∗

−m) ≥ ηm(pm,p
∗
−m),∀pm ∈ Pm. To find the NE for this game, the best

response for each user m ∈ Ms should be obtained [100] (i.e., by solving the equations
∂ηm(p)

∂pm
= 0,∀m ∈ M2). For a given user m ∈ M2, we set

∂ηm(p)

∂pm
= 0 and therefore the

proof is complete.
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A.2 Unit price for consumed energy

Without loss of generality, to set a unit price for consumed energy for each user, we
consider the situation wherein all users have adopted partial offloading scheme. Specifically,
for a given user m ∈ M, let fm and pm be the frequency of CPU and uplink transmit
power level for offloading a task which are obtained from (3.22) and (3.23) respectively.

Accordingly, based on (3.23), we have
M∑

i≥m

pihi =
Bhm
ϵνmwm

− σ2
0. Let us assume, m = M .

Then, pM =
B

ϵνMwM

− σ2
0

hM
. Since, 0 ≤ pM ≤ pM , we have,

LBM ≤ wM ≤ UBM , (A.2)

where LBM =
B

ϵνM
× hM
pMhM + σ2

0

and UBM =
B

ϵνM
× hM
σ2
0 + hMpM

. If m < M , by using

(3.23) and some calculations, we have, pm =
B

ϵνmwm

− Bhm+1

ϵνm+1wm+1hm
and thus,

LBm ≤ wm ≤ UBm, (A.3)

where LBm =
B

ϵνm
×

(
pm +

B

ϵνm
× hm+1

νm+1wm+1hm

)−1

and

UBm = min{νm+1wm+1hm
νmhm+1

,
B

νmϵ
× hm∑

i∈M,i>m

hipi + σ2
0 + pmhm

}.

Additionally, for a given user m ∈ M, since 0 ≤ fm ≤ fm, based on (3.22), we have
wm ≥ LBFm where LBFm = (3γcf

2

mC)
−1. Thus,

max{LBm, LBFm} ≤ wm ≤ UBm, (A.4)

where, for any given user m ∈M, LBm and UBm have been given in (A.2) and (A.3).

A.3 PORA algorithm

In this part, we implement Algorithm 3 in [4] and [18]. To make it comparable with our
scheme, we relax the optimization problem (3.11) by considering only the partial offloading
scheme. So, subject to the constraint of QoS requirement for a user m ∈M, we formulate
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the optimization problem for concurrently maximizing the immediate reward (i.e., ηm) for
each user m ∈M as follows,

max
p,f

ηm s.t Rm ≥ Rmin
m , (A.5)

where ηm = Rm − wm

(
τ0Pr,m + ϵτ(pm + Pc,m) + Tγcf

3
m

)
and Rm =

Tfm
C

+
Bτ

νm
log

(
1 +

hmpm
M∑

i>m

(αi + βi)hipi + σ2
0

)
. To address (A.5), employing the Lagrangian relaxation, we relax

the problem as follows,

max
p,f

ηm + λLm(Rm −Rmin
m ) ∀m ∈M. (A.6)

The above multi-objective optimization problem (A.6) can be addressed by using the ap-
proach in Appendix A.1. Thus we have,

f ∗
m =

√
1 + λLm

(3γcCwm)
(A.7a)

p∗m =
B(1 + λLm)

ϵνmwm

− Im(p
∗)

hm
, (A.7b)

where Im(p∗) =
∑

i>m,i∈M
hip

∗
i + σ2

0 and hi is the path gain for user i. By using the above

closed form expression and some matrix operations at the BS, the uplink transmit power
vector for users, i.e., p, are obtained by solving the following equation,

p = H−1Z, (A.8)

where Z =
[B(1 + λLm)

ϵνmwm

− σ2
0

hm

]T
m∈M

and H = [h′im] is a | M | × | M | matrix where

h′im =
hi
hm

if i ≥ m; otherwise, h′im = 0. It is worth mentioning that in equation (A.8)

and (A.7a), for a given user m, the transmit power level and the CPU frequency for that
user are limited to the values pm and fm, respectively. Accordingly, we propose partial
offloading and resource allocation algorithm, PORA algorithm, where the CPU frequency
for each user m ∈M is obtained by (A.7a), and the UL transmit power level for the users
are obtained by (A.8).
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A.4 Updating Rule for the Weights of Actor and Critic
DNNs

To train actor DNN and critic DNN, we employ the CA2C algorithm proposed in [60].
Since the structure of IoT application should be captured, actor DNN and critic DNN
compose of embedding layers, hidden layers, and the output layer [69]. For a given UAV u,
at time t, the input for its actor DNN is the state provided by (3.55), St

u = (et, eviu)
2, and

the tasks’ offloading scheme obtained from the output of the critic network [60]. For the
critic DNN, the input is the St

u and the output for the actor DNN, i.e., the transmit power
level for the UAV u for offloading a task [60]. Equation (3.56) is used as the propagation
rule for the embedding layers of both actor DNN, and critic DNN [69,108]. In what follows,
we explain the details for updating the DNNs’ parameters.

To train the actor and critic DNNs, the DDPG and DQN algorithms in [64] and [63]
are used, respectively [60], where the concept of replay buffer, target network and on-
line network are used to prevent instability and over-optimism. Given θu and wu as the
parameters for the actor and critic online networks, the experiences in the replay buffer
Du = {xt

u} stored as tuple xt
u = [St

u,αu,S
′
u, η

t
u], are used for updating the online network

parameters. In tuple xt
u, the element S′

u is the next state by taking action αu from state
St
u. The functions for updating the online network parameters are given as follows [60],

θu = θu + ζ∇θu
Ju(θu), (A.9a)

wu = wu − ζ∇wLu(wu), (A.9b)

In the above equations, ζ is the learning rate, and Ju(θu) and Lu(wu) are the functions
evaluated by the actor and critic networks, respectively. Ju(θu) is given in terms of the
average Q-function for UAV u, and Lu(wu) is given in terms of the average difference
between the Q-function and target value for agent u. The details for functions Ju(θu) and
Lu(wu) and the corresponding target value are given in [60]. We refer the reader to the
reference [60]. By using (A.9), the parameters for the actor and critic target networks θ−

u

and w−
u are updated as θ−

u = τθ−
u + (1 − τ)θu and w−

u = τw−
u + (1 − τ)wu where τ is

the fixed parameter. We follow the procedure illustrated in Fig. 3.15 and use (A.9a) and
(A.9b), and we derive Algorithm 1.1 and Algorithm 1.2 to update the parameters for
actor and critic DNNs [60].

2As mentioned in [3], et is the vector corresponds to if the energy budget for the UAVs are satisfied or
not. evi

u
corresponds to the embedding (feature) vector for task viu, which is obtained through the GCN’s

output layer.
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Algorithm 1.1 Updating the Parameters for Critic Network
Input: A sample experience xt

u = [St
u,αu,S

′
u, η

t
u], online network parameter θu, target

network parameter θ−
u , parameter τ ;

Output: Updated parameters for online critic networks and critic target networks;
1: procedure
2: Given S′

u and αu (which corresponds to tasks’ offloading), obtain the
output for the actor online network, i.e., pt

u;
3: Given pt

u and S′
u as input to the critic target network, obtain the Q-

function and update αt
u based on (3.58);

4: Given αt
u and S′

u as input to actor target network, update pt
u;

5: Obtain the target value for the critic as the summation of ηtu and the
Q-function calculated by the critic’s target network, which is multiplied
by the discount factor;

6: Employing critic optimizer (e.g., Adam algorithm), update the param-
eters for the critic online network using (A.9b);

7: Update the parameter for critic target network as w−
u = τw−

u + (1 −
τ)wu.

8: end procedure

Algorithm 1.2 Updating the Parameters for Actor Network
Input: A sample experience xt

u, online network parameter wu, target network parameter
w−

u , parameter τ ;
Output: Updated parameters for actor online networks and actor target networks;
1: procedure
2: Calculate the gradient of function Ju(θu) with respect to continuous ac-

tion in all sampled experience form replay buffer Du (by using equation
(28) in [60]);

3: Using the actor optimizer (e.g., Adam algorithm), update the actor
online parameter based on (A.9a);

4: Update the actor target network parameter as θ−
u = τθ−

u + (1− τ)θu.
5: end procedure

A.5 Dis-joint Priority-based Power and Offloading Scheme
(DPPOS)

In this appendix, a heuristic algorithm is proposed for offloading a complex application
and adjusting the UL transmit power level for the UAVs. We derive a predicted metric for
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each task in the application generated by a UAV and prioritize the tasks based on them.
For a given UAV u, first, we assume that every task in the application is performed locally
and define the corresponding ETC for task viu as follows,

ETCi
u = wt

uFT
l
u,i + we

uE
l
u,i, (A.10)

where FT l
u,i = maxk∈Preced(i) {(1 − aku)FT

l
u,k} +

Li
u

fu
and El

u,i =
∑

k∈Preced(i)
⋃
{u}

κuL
k
ufu

2.

Using the ETC given in (A.10) as a predicted metric for each task viu (to perform it
locally), we sort all tasks in the application in increasing order. If the energy consumption
of the task viu is lower than the remaining UAV’s energy, the task is performed locally.
Otherwise, it should be offloaded onto a processor m ∈ Pu. To derive the predicted metric
for offloading a task, we use the interference imposed onto UAV u and define the function

I ′m,u =
∑

m′∈U ′
pm′

hmm′

hmu
, where U ′ = U\{m,u} if m ∈ U ; otherwise, i.e., if m ∈ S, we have

U ′ = U\{u}. The function I ′m,u implies that the UAV with maximum value of
hmm′

hmu
, i.e.,

maxm′∈U ′
hmm′

hmu
, would impose the maximum interference onto UAV u. As aforementioned,

the task viu should be offloaded onto a processor that the lower level interference would
impose on it. Accordingly, we define the predicted metric for offloading the task viu onto

a processor m ∈ Pu as minm∈Pu maxm′∈U ′
hmm′

hmu
. Based on the discussion, and by using the

distributed power control scheme in (3.66), we propose the dis-joint priority-based power
and offloading control (DPPOc) scheme in Algorithm 1.3.

A.6 Proof of Lemma 3.1

In non-cooperative power control game G, NE is obtained by finding the best response for

all UAVs in set Um, i.e.,
∂Um

u

∂pu
= 0, ∀u ∈ Um. Therefore, by performing some mathematical

operations, the following closed-form expression for each UAV u ∈ Um is obtained at NE
point,

Hm
u (p∗

−u)

1 + p∗uH
m
u (p∗

−u)
=

log (1 + p∗uH
m
u (p∗

−u)) + bmu
p∗u

,∀u ∈ U . (A.11)
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Algorithm 1.3 The Proposed DPPOC Algorithm
Input: The path gain matrix for the UAVs and MEC servers, local finish time and local

energy consumption for each task of the applications executed by the UAVs, i.e.,
FT l

u,i and El
u,i, ∀u ∈ U , ∀i ∈ Iu;

Output: Metrics for either performing a task locally or offloading it onto a processor, and
transmit power level for the UAVs;

Initialize: Obtain ETC for each task viu, ∀u ∈ U ,∀i ∈ Iu by using (A.10);
1: procedure
2: Offloading scheme:
3: for each UAV u ∈ U do
4: Sort the tasks in application executed on UAV u, viu, ∀i ∈ Iu, by using

ETCi
u, ∀i ∈ Iu; Er

u ← EMax
u ;

5: for each task viu where i ∈ Iu do
6: if Er

u ≥ 0 then
7: Perform the task locally; Er

u ← Er
u − El

u,i;
8: else
9: Obtain m = arg min

n∈Pu

max
m′∈U ′

hnm′

hnu
; Offload the remaining tasks onto the

processor m; break
10: end if
11: end for
12: end for
13: Power control scheme:
14: for each UAV u ∈ U do
15: for each task viu where i ∈ Iu do
16: if aim,u == 1 then
17: Use (3.66) and adjust the transmit power level for the UAV u;
18: end if
19: end for
20: end for
21: end procedure

As proven in [130], by using the above closed expression, the transmit power level for each
UAV u at the NE point can be given as follows,

p∗u =
[ 1

Hm
u (p∗

−u)

(
exp (1− bmu +WL(−

1

exp(1− bmu )
))− 1

)]+
, (A.12)
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By defining γ̂mu = exp (1 − bmu +WL(−
1

exp(1− bmu )
)) − 1, the equation in (A.12) can be

equivalently restated by (3.65) and the proof finishes.
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Appendix B

B.1 Optimal CC Management (OCCM)

In this section, we first formulate the optimum CC activation and deactivation problem.
Then, we explain the challenges in solving the problem and introduce our proposed algo-
rithm.

Optimal CC Management Problem Formulation

Let Um(t) be the set of UEs allocated to CC m and |Um(t)| is the cardinal number of Um(t)
where |Um(t)|=

∑
k∈K

αk
m(t). Thus, according to the RR scheduler, the number of RBs in

CC m is equally divided among users belonging to Um(t). Therefore, Rk
m(t) is estimated

as follows,

Rk
m(t) =

1∑
k∈K

αk
m(t)

Rk,max
m (t), (B.1)

where Rk,max
m (t) is the maximum rate that can be achieved by UE k when only this UE

is allocated to CC m. Note that
∑
k∈K

αk
m(t) ≥ 1 since PCC is always activated for users.

Substituting (B.1) in (4.4), we obtain,

∑
k∈K

1

D
k
(t)

=
∑
k∈K

∑
m∈M

αk
m(t)

1

q̂k(t)

Rk,max
m (t)∑

k∈K
αk
m(t)

=
∑
m∈M

∑
k∈K

1
q̂k(t)

Rk,max
m (t)αk

m(t)∑
k∈K

αk
m(t)

. (B.2)
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Using (4.7), the summation of UE power consumption in duration t is given as:

∑
k∈K

P k(t) =KP0 +
∑
k∈K

∑
m∈M

αk
m(t)(Kr

Rk,max
m (t)∑

k∈K
αk
m(t)

+Bk
m(t))

=KP0 +
∑
m∈M

Kr

∑
k∈K

Rk,max
m (t)αk

m(t)∑
k∈K

αk
m(t)

+
∑
m∈M

∑
k∈K

Bk
m(t)α

k
m(t), (B.3)

in which Bk
m(t) = Ksp

k
m(t) +KBWBWm+Kr0 +Ks0 +KB0 .

Hence, the problem can be formulated as follows:

max
α

1

K

∑
m∈M

∑
k∈K

1
q̂k(t)

Rk,max
m (t)αk

m(t)∑
k∈K

αk
m(t)

(B.4a)

min
α

P0 +
1

K

( ∑
m∈M

Kr

∑
k∈K

Rk,max
m (t)αk

m(t)∑
k∈K

αk
m(t)

+

∑
m∈M

∑
k∈K

Bk
m(t)α

k
m(t)

)
(B.4b)

s.t.∑
m∈M

Rk,max
m (t)αk

m

qk(t)
∑
k∈K

αk
m(t)

≥ 1

Dk
QoS

∀k ∈ K (B.4c)

∑
m∈M

αk
m(t) ≤Mk, ∀k ∈ K (B.4d)

αk
m(t) ∈ {0, 1} ∀k ∈ K,m ∈M, (B.4e)

where α = [αk
m(t)]k∈K,m∈M. As observed, the two objective functions of the problem

presented in (B.4) are fractional functions of α, which make the problem a non-convex
and nonlinear integer fractional program. In the following subsection, we reformulate the
above optimization problem as an equivalent mixed integer linear programming (MILP)
optimization problem.
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Equivalent Integer Linear Programming Formulation of Optimal CC Manage-
ment

To equivalently restate the optimal CC management problem in (B.4) as a linear opti-
mization problem, we utilize the Charnes-Cooper transformation [131] and the Glover’s
linearization [132] by defining the following auxiliary variables:

um(t) =
1∑

k∈K
αk
m(t)

∀m ∈M (B.5)

and
hkm(t) = um(t)α

k
m(t) ∀k ∈ K,m ∈M. (B.6)

Therefore, the problem in (B.4) can be rewritten as:

max
α,h,u

1

K

∑
m∈M

∑
k∈K

1

q̂k(t)
Rk,max

m (t)hkm(t) (B.7a)

min
α,h,u

P0+
1

K

∑
m∈M

∑
k∈K

(
KrR

k,max
m (t)hkm(t)+B

k
m(t)α

k
m(t)

)
(B.7b)

s.t.∑
m∈M

1

qk
Rk,max

m (t)hkm(t) ≥
1

Dk
QoS

∀k ∈ K (B.7c)

M∑
m=1

αk
m(t) ≤Mk, ∀k ∈ K (B.7d)

αk
m(t) ∈ {0, 1} ∀k ∈ K,m ∈M (B.7e)
1

K
≤ um(t) ≤ 1 ∀m ∈M (B.7f)

0 ≤ hkm(t) ≤ um(t) ∀k ∈ K,m ∈M (B.7g)
0 ≤ hkm(t) ≤ αk

m(t) ∀k ∈ K,m ∈M (B.7h)
hkm(t) ≥ um(t)− (1− αk

m(t)) ∀k ∈ K,m ∈M (B.7i)

hkm(t) ≤ um(t)−
1

K
(1− αk

m(t)) ∀k ∈ K,m ∈M, (B.7j)

where u = [um(t)]m∈M and h = [hkm(t)]k∈K,m∈M.

Lemma B.1. If (α∗,h∗,u∗) is the global optimum solution to the problem presented in
(B.7), then the global optimum solution to problem in (B.4) is given by α∗.
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The multi-objective problems aim to find the global optimal solution by using Pareto
optimality [56] and generating a diverse set of Pareto-optimal solutions. The set of Pareto-
optimal points is referred to as the Pareto front [56]. Thus, to find the Pareto optimal
front for (B.7), the ϵ-constraint method is exploited in which objective function (B.7a) is
considered as the primary objective function and the objective function (B.7b) is moved to
the constraint sets [117, 133]. Thus, Optimal CC Management problem, shortly denoted
by OCCM scheme, is formulated as given below:

Problem 1: Optimal CC Management

max
α,h,u

1

K

∑
m∈M

∑
k∈K

1

q̂k(t)
Rk,max

m (t)hkm(t) (B.8a)

s.t.

P0 +
1

K

∑
m∈M

∑
k∈K

(
KrR

k,max
m (t)hkm(t) +Bk

m(t)αk,m(t)
)
< ϵ (B.8b)

(B.7c)− (B.7j). (B.8c)

As observed, Problem 1 is a MILP problem. we can relax it to an LP, where the results are
close to the original problem. One approach is to replace the constraint αk

m ∈ {0, 1} by αk
m−

(αk
m)

2 ≤ 0 [134]. Then using Lagrange multiplier and exploiting methods for approximating
the subtraction of two convex functions into one convex function, the problem can be solved
in a reasonable time. However, in this paper, as mentioned before, we aim at developing a
baseline algorithm to jointly optimize the delay and power consumption for the UEs. So,
we solve Problem 1 optimally by using the CPLEX solver1.

As evident, ϵ plays a critical role in prioritizing the two objective functions and providing
a trade-off between them. In the following subsection, we discuss the effect of ϵ on the
system performance.

Proposed Algorithm for Optimal CC Management

For evaluating the effect of ϵ, let us define Pmin as the minimum of the average UE power
consumption for satisfying the delay targets given in (B.8c). Hence,

1. if ϵ < Pmin, OCCM Problem 1 is not feasible.

2. If ϵ = Pmin, OCCM Problem 1 minimises the UE power consumption.
1https://www.ibm.com/analytics/cplex-optimizer
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3. If ϵ > Pmin, OCCM Problem 1 is the multi-objective optimization problem.

Thus, if the problem is feasible, the higher chosen value for ϵ means that we give the
higher priority to the delay and opting for the lower value for ϵ gives the greater priority
to UE power consumption. According to the above discussion, ϵ should be equal to or
greater than Pmin. The Problem 2 defined below, formulates minimizing the UE power
consumption while satisfying the UE delay requirements.

Problem 2: Minimum UE Average Power Consumption

min
α,h,u

P0+
1

K

∑
m∈M

∑
k∈K

(
KrR

k,max
m (t)hkm(t) +Bk

m(t)α
k
m(t)

)
subject to: (B.7c)− (B.7j). (B.9)

As denoted, the solution to Problem 2 provides Pmin which is equal to the minimum value
for ϵ in the feasibility region of Problem 1. It is evident that different values for ϵ result
in the trade-off between the average delay for transmitting the data and the average UE
power consumption. However, the best value of ϵ is the one that maximizes ζ as follows:

ϵ∗ = argmax
ϵ

ζ, (B.10)

where ζ is given in (4.8). Thus, we first find the minimum value of ϵ that is equal to Pmin

by solving Problem 2 and then we obtain the solution to Problem 1 for different value of
Pmin ≤ ϵ ≤ Pmax. Note that Pmax is the UE power consumption when all CCs are activated
for the users. Finally, the optimum value for ϵ is computed from (B.10). Algorithm 2.1
explains the process of optimum CC management. In Algorithm 2.1, the step size sz is
used to gradually increase the parameter ϵ and find the maximum value for the system
efficiency ζ defined in (8). Note that the numerical analysis is used to find the step size
value. We use the CPLEX solver to find the optimal solution for both Problem 2 and
Problem 1.

B.2 Proof of Lemma 4.1

a) The proof for this part can be found in [33] through the equations from (14)-(19). We
refer the reader to the mentioned equations in [33]. b) By using (4.17), given the state s and
action ak ∈ Ak, the optimal Bellman equation is used to obtain the optimal action-value
function for UE k, Q∗k(s, ak), as follows [33],

Q∗k(s, ak) = uk(s, ak,π∗−k) + λ
∑
s′∈S

Pss′(am,π
∗−k)V k(s′, π∗k,π∗−k),
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Algorithm 2.1 Proposed OCCM algorithm
Input: The vector of QoS (delay) requirement for the UEs; The assigned PCC to each

UE; The maximum rate allocated to each UE from different CCs
Output: Optimum CC activation and deactivation for each UEs;
1: procedure
2: Compute the value of Pmin by solving Problem 2;
3: Compute the maximum power consumption, Pmax, by allocating all

CCs to each UE;
4: Initialise ϵ = Pmin and the step size sz
5: while ϵ ≤ Pmax do
6: Compute the vector of the activation and deactivation indicators, α,

by solving Problem 1;
7: Using the above obtained α, compute and store the efficiency as the

inverse of the UE average delay multiplied by the UE average power
consumption. Compare the resulting value with the previous ones and
keep the one that generates the maximum value (using (B.10)). We
refer to it as ϵ∗;

8: Set ϵ = ϵ+ sz;
9: end while

10: Compute the optimum CC activation and deactivation, α∗, by solving
Problem 1 when ϵ = ϵ∗;

11: end procedure

where uk(s, ak,π∗−k) = E[ηk(s, ak,π∗−k)]. In the above equation, receiving information
about Pss′(a

k,π−k), i.e., the state transition probability, poses some challenges. To address
this issue, as shown in [62], the optimal policy for a UE k, π∗k, can be found recursively
by using equation (4.18).

B.3 The DDQN-based UL power-sharing and CA

In this part, we explain our baseline algorithm for UL power-sharing and CC management
and call it ACPS, All-activated CCs and Power Sharing. Specifically, we separate the CA
scheme from the UL power-sharing scheme. We assume that all CCs are activated for the
UEs for the CC management. For the UL power-sharing, motivated by the method used
in [95], we quantize the continuous UL transmit power level for the UE to the eNB and the
gNBs, i.e., approximate them by ones whose amplitudes are restricted to a prescribed set
of values. So, given the activated CCs for the UEs, we derive the multi-agent RL system
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for UL power-sharing. Specifically, the set of agents is the set of gNBs, i.e., B = {1, . . . , B},
the reward function for each agent and the state space are the ones in (4.31) and (4.33),
respectively. For the action space, let us denote the quantized UL transmit power levels
for a given UE k to its serving gNB b by q̃kq where q ∈ Q = {1, . . . Q}. So, the action space
for agent b is denoted by ADDQN

b and given by ADDQN
b = {aDDQN

b | aDDQN
b = [q̃kq ]k∈Kb,q∈Q}.

Therefore, we have | ADDQN
b |=| Kb |Q, and thus, an increase in either the number of

UEs in Kb or the number of quantization levels results in an explosion in the dimension
of the action space for agent b. Accordingly, the Q-learning algorithm [62] used by the
authors in [95] does not provide sufficient performance to address the computational needs
of the RL system. To tackle this issue, we employ the DDQN algorithm [58] in DRL.
The DDQN algorithm uses the target network, online network, and experience memory
to prevent over-optimism. The details are given in [58], and we refer the reader to this
reference. The details for the ACPS algorithm, which is based on the DDQN algorithm,
are given in Algorithm 2.2.
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Algorithm 2.2 Proposed ACPS algorithm
Input: The action set for each gNB b, i.e., ADDQN

b , ∀b ∈ B, target delay requirement for
the UEs in Kb, and the set of activated CCs for the UEs in Kb)

Output: Optimal policy for adjusting UL transmit power level for the UEs to their serving
gNB b and eNB

Initialize: Experience memory DDDQN
b , b ∈ B, online network parameters Ob, b ∈ B, target

network parameters O−
b = Ob, b ∈ B

1: procedure
2: for episode = 1 : T do
3: Initialize the network state s;;
4: for step = 1 : T do
5: Given state s, each gNB b ∈ B uses its online network to approximates

its action-value Qk(s, ab,Ob), ∀ab ∈ ADDQN
b ;

6: Given state s, each gNB b ∈ B employ the ϵ-greedy policy in (4.21) to
adopt q̃kq for all k ∈ Kb (with QDDQN

b (s, ab,Ob) and ADDQN
b );

7: The message passing is employed for getting the next state s′ and s←
s′;

8: The transition [s, ab, ηb, s
′] in memory DDDQN

b ;
9: Each gNB b ∈ B samples random mini-batch of transitions from DDDQN

b

and update the parameters for online network, Ob, by using equation
(29) in [1];

10: CU ← CU + 1;
11: if CU == N then
12: θk

− = θk, k ∈ K; CU ← 0;
13: end if
14: end for
15: end for
16: end procedure
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