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Abstract

Due to the explosive growth of consumer electronic devices, such as smart-

phones, tablets, and the Internet of Things, the global mobile data traffic is es-

timated to increase seven fold by 2022 in the fifth generation (5G) of wireless

communication networks. At the same time, the mobile network connection

speed is envisioned to increase more than three-fold by 2022. Many technolo-

gies have been proposed to fulfill such unprecedented user demands. On the

macroscopic level, the network architecture largely determines the performance

of the network. Novel network architectures, such as heterogeneous networks

(HetNets) and centralized radio access networks (C-RANs), have been proposed

to accommodate massive numbers of wireless devices. On the microscopic level,

the control of all devices is vital for network operations on a daily basis. In-

telligent control agents are hence required to operate networks without human

intervention.

In this thesis, we start off by focusing on the architecture side of network

and investigate a mixed-integer nonlinear programming (MINLP) problem of a

joint backhual-access HetNet by using a classical optimization approach. Then,

we move on to the operational side of networks and focus on spectrum sharing

in cognitive radio networks and topology control in wireless sensor networks.

In these problems, we employ deep learning approaches that can learn from

collected data and adapt to the changing radio environment without a priori
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knowledge about the network. We show the applicability and superiority of our

deep learning-based algorithms compared with classical analytic approaches.

More importantly, we show the novel applicability of deep learning in solving

MINLP problems that are commonly encountered engineering problems in wire-

less communication networks.
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1
Introduction

1.1 Background

IN just less than a decade, the fifth generation (5G) of wireless communication

networks has stemmed from preliminary interest and discussions to a full-

fledged body of research that is envisioned to reshape connectivity networks in

an unprecedented way. A brief look at the most recent statistics of wireless net-

works reveals that global mobile data traffic will increase seven fold from 2017,

reaching 77.5 exabytes per month by 2022. In addition, nearly three quarters

of all devices connected to the mobile network will be “smart” devices, such as

smart phones, tablets, and virtual-reality handsets. These devices will account

for 99 percent of the mobile data traffic, resulting in a nine-fold growth of multi-
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2 Introduction

media traffic between 2017 and 2022. At the same time, mobile network connec-

tion speeds will increase more than three-fold from 2017, reaching 28.5 megabits

per second by 2022 [1].

Meanwhile, the rise of the Internet of Things (IoT) also contributes a large

portion of connected devices and data traffic, accompanied with diverse types

of connectivity technologies, such as Bluetooth Low Energy [2], Zigbee [3], Low

Power Wide Area Networks, and narrowband IoT [4]. These heterogeneous IoT

devices are expected to be supported by 5G networks in a massive scale, which

provide a seamless connectivity of these heterogeneous components [5].

This deluge of data demand cannot be fulfilled by merely an incremental

advance of 4G technologies, but rather by disruptive and innovative architec-

tures and designs in many aspects of wireless communication networks [6]. On

the architecture side, the paradigm of 5G wireless networks moves from homo-

geneous grid networks to heterogeneous networks (HetNets) with small cells,

such as microcells, picocells, femtocells, and remote radio heads [7]. A large

number of small cells with different transmit powers, sizes, and propagation

characteristics will coexist with legacy macro cells, which can significantly boost

the network capacity by promoting spectrum reuse and offloading user data to

local base stations. This cell densification brings two key challenges to the net-

work design: backhauling and multi-tier interference management [8, 9], which

both boil down to problems of radio resource allocation that are inherently hard

to solve.

On the device side, such complicated radio environment requires “smart”

network devices to be truly ubiquitous, reliable, scalable, and self-configurable.

These devices need to constantly optimize their operations to the level of human

proficiency. Traditional optimization techniques are prone to fast environmental

changes and hence struggle to keep up with real-time network analysis and agile

network management. As such, cooperating techniques of artificial intelligence

in 5G networks have received a great amount of research interest in the past
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decade [10]. In particular, after the breakthrough of deep learning in 2015 [11],

deep learning techniques have started to gain momentum in wireless communi-

cation networks and show competitive performance compared with traditional

approaches [12].

1.2 Problem Statement

To support the ever increasing data demand, cell densification is an effective

way to boost the capacity of 5G networks, where a significantly large number of

heterogeneous small cells offload local data from traditional macro base stations.

A key challenge of cell densification is backhauling [6], where optical fiber back-

haul is the most ideal solution in terms of both capacity and latency. However,

ubiquitous fiber connectivity is very limited due to its high deployment cost per

unit, especially in rural areas where the number of end users is low. On the other

hand, wireless backhaul provides a flexible and cost effective solution via half-

duplex (HD) schemes, where a wireless backhaul and a wireless access network

either share the same frequency band using time-division duplexing (TDD) or

transmit in different frequency bands using frequency-division duplexing (FDD)

[9].

The availability of practical full-duplex (FD) transceivers in recent years breaks

the long-held belief that radios are not be able to receive and transmit in the

same frequency band due to the strong self-interference induced by simulta-

neous transmission [13]. In theory, an ideal FD transceiver with perfect self-

interference cancellation can double the spectrum efficiency compared with HD

schemes because it is not limited by channel availability and can transmit at

all times. However, in practice, the presence of residual self-interference will

degrade the performance of the FD transceiver. A further challenge for FD

backhauling in 5G HetNets is the inter-tier interference from the backhaul link.

Nonetheless, the use of FD transceivers at small cells in 5G HetNets can further
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improve the spectral efficiency of wireless backhaul, given that the allocation of

radio resources, such as power and subchannels, is well optimized [14].

Cognitive radio is another promising technology to tackle the challenges of

5G wireless networks [15]. In cognitive radio networks (CRNs), secondary users

(SUs) monitor the spectrum of a primary network and opportunistically transmit

without interfering with primary users (PUs). FD radio has great potential for

use in 5G CRNs [16]. With the ability to concurrently sense and transmit, FD cog-

nitive radio devices can collect information about the radio environment while

transmitting data, and can evacuate immediately when the spectrum is occu-

pied by a PU. A unique engineering challenge of FD-CRNs is that the presence

of self-interference from the loop-back transmit signals at the receiver antenna

degrades the performance of spectrum sensing ability, and therefore, a sensing-

throughput trade-off exists in FD-CRNs [17].

Network design and optimization usually boil down to problems of resource

allocation. Such resource allocation in multi-tier and multi-access wireless net-

works usually manifests itself as a non-convex mixed-integer nonlinear pro-

gramming (MINLP) problem with two types of variables [18]: strategic variables

and tactical variables. The strategic variables are usually integer variables, such

as subchannel allocation, network topology, and on/off patterns of base stations,

which involve a high-level planning and long-term consideration. On the other

hand, the tactical variables are usually continuous variables, such as power al-

location and transmit duration, which are subject to fast changes of the envi-

ronment and hence need to be constantly updated. The complexity of solving

such MINLP problems using traditional optimization approaches has two main

issues. First, given the values of the tactical variables, the MINLP reduces to a

combinatoric problem that is generally non-deterministic polynomial-time (NP)

hard to solve, and no continuity exists between solutions. Second, given the

values of the strategic variables, the MINLP generally reduces to a non-convex

nonlinear programming problem, where determining a locally optimal solution
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requires a large amount of computational resource.

The field of machine learning, on the other hand, presents a suite of robust

and scalable techniques to extract recurring patterns without a priori network

knowledge. Its main tasks can be summarized as acquiring knowledge of an un-

known environment, and then making decisions based on this acquired knowl-

edge. With the rise of device-side intelligence, machine learning techniques, be-

yond their utility in classical applications, have also great potential in wireless

communications and CRNs to improve spectrum utilization and data rates. This

potential has been recognized by both industry through open project calls and

the academic community through technical publications [12].

The trend of incorporating machine learning techniques into the design of

wireless communication networks is reflected by the rise of the concept of self-

organized networks (SONs), where networks can adapt to the changes of envi-

ronment and configure network parameters autonomously [19]. The taxonomy

can be further broken down into three parts: self configuration, self optimiza-

tion, and self healing, which cover the applications such as coverage and ca-

pacity optimization, energy saving, interference mitigation, network topology

optimization, and load balancing. Human-level proficiency in terms of network

control and optimization is required for a true SON.

The focus of this thesis is to design intelligent wireless communication net-

works to cater to the stringent requirements in the 5G era, by investigating dif-

ferent types of wireless networks outlined in the next section. In brief, we start

off with traditional network optimization techniques to maximize throughput

of 5G HetNets with FD in-band small cells. We then move on to investigate the

application of FD radio technology in CRNs, but take a machine learning ap-

proach to achieve autonomous control without predefined human knowledge.

Lastly, we continue on the track of machine learning and design a self-organized

wireless sensor network of IoT devices.
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1.3 Thesis Organization and Contributions

Figure 1.1 provides an overview of the thesis structure.

Chapter 3: Matching Theory and

in Full-Duplex Wireless
Non-Convex Optimization

Backhauling Networks

Chapter 4: Deep Reinforcement

in Cognitive Radio Networks
Learning-Based Spectrum Control

Appendix A: On the Tail

Statistics in Energy Detection
Distribution of the Test

Chapter 5: Deep Learning-Based

Cognitive Radio Networks

Compressive Sensing in

Chapter 6: Deep Reinforcement

Optimization for Self-Organized
Learning-Based Topology

Wireless Sensor Networks

Classical Optimization Approach Machine Learning Approach

Figure 1.1: Thesis organization

Chapter 2 presents an overview of a few types of 5G wireless communication

networks and their related technologies to be investigated in this thesis, includ-

ing 5G HetNets with wireless backhaul, cognitive radio networks, and wireless

sensor networks. We provide a survey of the literature on these topics with the

insights that lead to the following research. We also give a brief but sufficient

background knowledge that is used in the following chapters to make this thesis

self-contained.

Chapter 3 studies a joint downlink backhaul-access power and subchannel

allocation problem of a two-tier HetNet with a FD small-cell base station (SBS),

a macro-cell base station (MBS), and multiple SBS users. To this end, a low-

complexity two-stage optimization algorithm using a matching theory frame-

work is proposed, which maximizes the minimum user rate in the presence of

inter-tier interference from the MBS and self-interference at the SBS FD transceiver.

In the first stage, the algorithm adopts matching theory to allocate the SBS sub-

channels according to the users’ preferences of maximizing their individual rates.

Then, the SBS and MBS downlink powers are solved using successive convex ap-

proximation with geometric programming. In the second stage, a swap-matching

approach is employed at the SBS to search through all pairwise swaps of user-



1.3 Thesis Organization and Contributions 7

subchannel matching to find the subchannel and power allocation that maxi-

mizes the minimum user rate. The key contributions of this chapter are as fol-

lows:

• We proposed a low-complexity two-stage algorithm based on a two-sided

many-to-one matching theory framework to allocate the SBS-user subchan-

nels and MBS-SBS downlink powers aimed at maximizing the minimum

user rate, which is combinatorial in nature and NP-hard to solve.

• We analyzed the convergence and complexity of the proposed algorithm,

and highlighted that our algorithm provides a judicious trade-off between

optimality and complexity with a solution that is close to an exhaustive

search whilst significantly outperforming separately optimized approaches

for backhaul and access links.

Chapter 4 proposes a novel deep reinforcement learning-based spectrum con-

trol (DRL-SC) algorithm for HD and FD downlink communications in a cogni-

tive small cell that allows SUs to sense the presence of PUs and opportunistically

transmit data. The proposed algorithm can adapt to the unknown radio en-

vironment and sense when the cognitive base station can transmit to SUs while

avoiding interference with the primary network. In addition, the algorithm does

not require a priori knowledge of the primary network and can extract features

from input data in its raw form. Extensive simulation results show that the DRL-

SC algorithm achieves better performance than the traditional energy detection-

based sensing method and performs close to a genie-aided optimal method with

the optimal spectrum utilization in the high-SNR regime. The key contributions

of this chapter are as follows:

• We proposed a novel deep reinforcement learning-based spectrum control

(DRL-SC) algorithm for FD and HD-CRNs. The proposed algorithm is an

end-to-end procedure in the sense that it directly takes raw signal samples

as the input and determines the best output transmission strategy without
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any a priori knowledge about the primary network. In addition, the algo-

rithm can adapt to heterogeneous PU activities and keep track of primary

network changes.

• We showed that the designed deep reinforcement learning algorithm per-

forms better than the traditional energy detection-based sensing method

both in FD and HD schemes, and is close to the performance of the genie-

aided optimal algorithm via extensive simulations.

Appendix A extends Chapter 4 on the theory side and gives a more precise

estimation of the tail distribution of the test statistic of energy detection using

the large deviation principle (LDP), and compares this with the approximation

using the CLT. The key contributions of this appendix are as follows:

• We provided a closed-form approximation of the tail distribution of the test

statistic of energy detection using LDP.

• Compared with the commonly used approximation derived by the central

limit theorem (CLT), our approximation is close to the true tail distribution

of the test statistic.

Chapter 5 presents the application of deep learning in compressive sensing

in CRNs, where compressive sensing has the potential to allow a SU to efficiently

monitor a wideband spectrum at a sub-Nyquist sampling rate without complex

hardware. In general, compressive sensing techniques leverage the assumption

of sparsity of the wideband spectrum to recover the spectrum by solving a set of

ill-posed linear equations. In this paper, we adopt the framework of a generative

adversarial network (GAN) in deep learning and propose a deep compressive

spectrum sensing GAN (DCSS-GAN), where two neural networks are trained to

compete with each other to recover the spectrum from undersampled samples in

the time domain. The proposed DCSS-GAN is a data-driven learning approach

that does not require a priori statistics about the radio environment. In addition,
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it is an end-to-end algorithm that directly recovers the information of spectrum

occupancy from raw samples and without the need for energy detection. The

key contributions of this chapter are as follows:

• To the best of our knowledge, this is the first work that is proposed to use

a deep learning approach to solve compressive sensing problems in CRNs.

• The proposed DCSS-GAN is a true end-to-end learning algorithm in the

sense that it does not require hand-crafted features of the input data a priori,

and it can directly predict spectrum occupancy without needing energy

detection.

• Our simulation results showed that the proposed algorithm has a 12.3%

to 16.2% performance gain on prediction accuracy at a low compression

ratio1 compared to a conventional approach

Chapter 6 explores the application of machine learning techniques in wireless

sensor networks (WSNs), which are the foundation of IoT networks. In the era of

the fifth-generation of wireless communication networks, WSNs are envisioned

to be truly ubiquitous, reliable, scalable, and energy efficient. To this end, topol-

ogy control is an important mechanism to realize self-organized WSNs that are

capable of adapting to the dynamics of the environment. Topology optimization

is combinatorial in nature, and generally is NP-hard to solve. Most existing algo-

rithms leverage heuristic rules to reduce the number of search candidates so as to

obtain a suboptimal solution in a certain sense. In this paper, we propose a deep

reinforcement learning-based topology optimization algorithm, a unified search

framework, for self-organized energy-efficient WSNs. Specifically, the proposed

algorithm uses a deep neural network to guide a Monte Carlo tree search to roll

out simulations, and the results from the tree search reinforce the learning of the

neural network. In addition, the proposed algorithm is an anytime algorithm

1The compression ratio is defined as the ratio of the compressed sampling rate and the con-
ventionally required Nyquist sampling rate.
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that keeps improving the solution with an additional amount of computing re-

sources. Various simulations show that the proposed algorithm achieves better

performance as compared to heuristic solutions, and is capable of adapting to en-

vironment and network changes without restarting the algorithm from scratch.

The key contributions of this chapter are as follows:

• We propose a novel and generic deep reinforcement learning-based topol-

ogy control (DRL-TC) algorithm to determine a near-optimal topology for

WSNs in terms of energy efficiency without relying on specific domain

knowledge beyond topology rules.

• The proposed algorithm is a statistical anytime algorithm2 that is capable

of adapting to the dynamics of the environment (including possible unex-

pected network changes) and re-configuring the network accordingly.

• Various simulation results show that the proposed DRL-TC outperforms

other heuristic approaches to a large extent.

Chapter 7 summarizes main results in this thesis and concludes by giving

some open research questions and future research directions.
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2
Literature Review and Background

2.1 Full-Duplex In-Band Backhaul in 5G Networks

2.1.1 Full-Duplex Radios

The successful demonstration of full-duplex (FD) radios in [13, 20, 21] breaks

the long-held belief that simultaneously receiving and transmitting on the same

frequency band is generally not possible in wireless communication systems.

A FD transceiver can share a single antenna or connect to multiple antennas. A

single-antenna configuration has a smaller antenna footprint but sacrifices signal

isolation between the transmitting and receiving paths. A circulator is commonly

used for this configuration [22]. In a multi-antenna configuration, dedicated an-

13
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tennas are used in different radio paths [20]. Unless different radio channels are

used for transmitting and receiving, an in-band multi-antenna configuration still

suffers from interference on the direct path from the transmitting antenna to the

receiving antenna.

Fig. 2.1 shows a diagram of a typical FD transceiver with a single antenna.

The analog and the digital cancellation circuits are used to cancel the leaking

signals from the transmitting unit to the receiving unit, which is called self in-

terference (SI). Due to the imperfections of the physical components and digital

computational errors, the SI is not able to be completely suppressed, resulting

in some level of residual SI. For analysis purpose, the residual SI can be mod-

eled as proportional to the transmitting power with a constant SI suppression

coefficient.
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Figure 2.1: A diagram of a typical FD transceiver with a single antenna.

Several SI models have been proposed in the literature to capture the nature

of SI. In [23], the authors proposed two models of SI from the perspective of

information theory. Their first model assumes that the SI gain is unknown and

that the side information links are of infinite capacity, whereas in their second

model, the SI gain is known exactly and the side information channel has a fi-

nite capacity. In [24], the authors proposed an analytical model for the random

residual SI power of a FD radio, which can capture the impact of both passive

and active SI cancellation phases.

One of the problems that 5G wireless communication systems are solving is
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spectrum scarcity. FD radio is a very attractive approach that not only can double

channel capacity but also brings features such as concurrent channel estimation

in the sub-6GHz bands and simultaneous spectrum sensing in cognitive radio

networks [25].

2.1.2 Joint Full-Duplex Backhaul-Access Network Optimization

To cater for stringent user requirements in terms of capacity and latency in the

5G era, the ultra-dense small cells need to be connected to the core network via

backhaul. The backhaul network mostly consists of fiber, copper, and microwave

links. With the successful implementation of practical FD transceivers [13], FD

wireless in-band backhaul becomes another attractive backhaul solution in cel-

lular networks, especially in rural areas where dedicated wired links are hard to

deploy [26].

Compared to traditional half-duplex (HD) wireless backhaul solutions, FD

wireless backhaul offers the following distinctive benefits to network. First, FD

wireless backhaul can double the network capacity by fully utilizing time and

frequency radio resources, which can theoretically double the network capacity

[27]. Second, FD wireless backhaul can improve the flexibility and efficiency of

spectrum usage. Depending on the radio environment and usage scenario, a

small-cell base station (SBS) can flexibly switch between HD and FD mode, for

both uplink and downlink [28].

A unique challenge of FD wireless backhauling is the inherent SI induced

by the transmitted signals that loop back to the receiving antennas. In practice,

the SI has to be suppressed by at least 100 dB in order to reduce it to the same

level of the noise floor [13]. Since SI cannot be perfectly cancelled, any residual

SI, which is subject to the transmitting power, acts as additive noise and hence

reduces the received SNR at the FD transceiver. In addition, further challenge

for FD backhauling is the inter-tier interference between the backhaul and the
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access networks, which usually results in a problem with coupling variables and

is very hard to obtain the optimal solution [9].

In an orthogonal frequency-division multiple-access (OFDMA) system, jointly

optimizing FD backhaul and access networks in terms of power and subchannel

allocation is inherently NP-hard to solve due to the discrete nature of subchan-

nels. On top of that, given a subchannel allocation for the backhaul and use in the

access network, determining the best power allocation is generally a non-convex

optimization problem because of the correlated inter-tier interference between

the backhaul and the access network and SI at the base station.

2.1.3 Subchannel Allocation

DA Starts

Initialize users’ preference
Initialize subchannels’ preference

Each user proposes to the most
preferable subchannel that has not rejected.

Each subchannel selects the most preferable
user that proposed and rejects the rest.

Are all users

DA Terminates

matched?

Yes

No

Figure 2.2: Diagram of the deferred acceptance algorithm.

To tackle the combinatorial subchannel allocation problem, one way is to re-

lax the constraint of subchannel exclusivity such that different users can share a

subchannel in the time domain [29–31]. This approach can obtain a sub-optimal
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objective value such as total power consumption or throughput. However, the

actual subchannel allocation is fractional and hence requires to be conversion

back to an integer solution. Another approach is to use game theory to allocate

radio resources among users [32]. Among the related theoretical frameworks

of game theory, matching theory [33] has emerged as a promising framework for

resource allocation in wireless networks [34] due to its low complexity and ef-

fectiveness.

Bipartite matching problems with two-sided preferences in the context of re-

source allocation in wireless networks have two disjoint sets, users and subchan-

nels. Each member of one set ranks the members of the other set in the order of

its individual preference. If one user is only allowed to occupy one subchannel,

then it is a one-to-one matching problem, or otherwise, it is a many-to-one matching

problem. Furthermore, the collection of these user-subchannel pairs is called a

matching, which is said to be pairwise stable when each member on either side has

no incentive to be pair with the other one. Such a pair that can dissolve a match-

ing is called a blocking pair. Gale and Shapley in [35] proved the existence of

a pairwise stable matching and proposed the deferred acceptance algorithm to

obtain the solution. Fig. 2.2 shows the diagram of the deferred acceptance algo-

rithm, where at each iteration each user proposes its most preferable subchannel

and, in turn, the subchannel decides to accept or reject the proposal until all

users are matched to at least one subchannel.
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2.1.4 Power Allocation
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Figure 2.3: Illustration of SCA of an unconstrained maximization problem.

To tackle the highly non-convex power allocation problem, successive convex

approximation (SCA) is an effective class of algorithms to obtain a sub-optimal

solution. At each iteration, the non-convex problem is first locally convexified at

a certain point, and then obtain the optimal solution for the next iteration [36].

Fig. 2.3 illustrates the process of SCA of an unconstrained maximization prob-

lem. At the starting point x1, the objective function f (x) is locally approximated

by f̂1(x) at the point x1. Then, a local maximum x2 is obtained. At the next itera-

tion, the objective function f (x) is locally approximated by f̂2(x) at the point x2.

This procedure continues until the solution converges.

Among different SCA algorithms, such as successive convex approximation

for low-complexity (SCALE) [37], concave-convex procedure (CCP) [38], and ge-

ometric programming (GP) [39], GP is particularly attractive in the optimization

problems of power control, due to its convenient transformation to a tractable

convex optimization problem despite its non-convex and non-linearity in objec-

tive and constraints. GP has been applied to many scenarios of wireless commu-

nication networks [30, 39–41].

However, we note that general SCA algorithms trade off optimality by com-

plexity. Most of the SCA algorithm involves at least two levels of computational

loops. The outer loop convexifies the feasible region at the current point, which
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requires a certain form of algebra transformation. The inner loop is usually a

convex optimization problem. The resulting complexity of a SCA algorithm is

then super-linear or even exponential with respect to the size of the problem

[42]. This complexity drawback of SCA algorithms promotes our pursuit of ma-

chine learning approaches that can offload the majority of computations to an

offline training stage, and therefore enable on-line processing with competing

performance with state-of-art classical optimization techniques.

2.2 Machine Learning-Based Spectrum Sensing in Cog-
nitive Radio Networks

Cognitive radio is another network paradigm that has great potential to improve

spectrum efficiency in 5G wireless networks, where secondary users (SUs) sense

the environment and transmit whenever the spectrum is vacant [15]. Most ex-

isting work in the literature of cognitive radio networks (CRNs) focuses on the

HD scheme [43, 44], where a SU has to allocate a dedicated period of time to

sense the radio environment. A so-called sensing-throughput trade-off exists in

HD-CRNs, where a longer sensing duration gives a higher sensing accuracy, but

results in lower throughput. A major disadvantage of HD-CRNs is that spec-

trum sensing interrupts the ongoing data transmission. Furthermore, when a

SU is transmitting, it may not detect any arrival of primary user (PU), which po-

tentially results in multiple collisions and notably degrades the performance of

the primary network.

With the growing maturity of FD transceivers, FD technology have started

to show its great potential in CRNs due to its ability of concurrent sensing and

transmitting. FD cognitive radio devices can collect information about the radio

environment while transmitting data, and can evacuate immediately when the

spectrum is occupied by a PU [17]. However, due to the existence of SI at the

FD transceiver, the sensing-throughput trade-off exists as well, where higher
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transmitting power gives larger throughput, but induces more severe SI which

reduces the receiving signal-to-interference-plus-noise ratio (SINR) and hence

decreases the sensing accuracy.

In either HD-CRNs or FD-CRNs, spectrum sensing is the enabling technol-

ogy that largely determines the performance of CRNs. This task is essentially

a hypothesis test that differentiates primary signals from interference and noise.

Classical spectrum sensing approaches, such as energy detection, cyclostationary-

based sensing and waveform-based sensing [45], explore specific features in the

received signals. Energy detection methods measures the energy of received sig-

nals and compares this with a pre-determined threshold. These algorithms have

a low computational complexity and do not require a priori knowledge of the

primary network. Cyclostationary-based sensing methods exploit the periodic-

ity or cyclostationarity of the received signals. However, its computational com-

plexity is prohibitively high for online applications [46]. Waveform-based sens-

ing methods perform coherent detection to match the pattern of the PUs’ signals,

which requires perfect knowledge of the primary network, such as modulation

type and carrier frequency [47]. Different from classical spectrum sensing ap-

proaches, machine-learning offers a new paradigm of designing algorithms that

can learn from the unknown world and obtain an intricate mapping from high-

dimensional sensory inputs to low-dimensional decision outputs [11].

2.2.1 Deep Learning Basics

Machine learning is a class of algorithms that learn from experience without

being explicitly programmed, relying on patterns and inference instead [48]. A

machine learning algorithm builds up a statistical model based on training data

and makes predictions about future data. They are widely used in computer

vision where conventional algorithms are not able to effectively complete the

task.
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Figure 2.4: A fully connected deep neural network with L hidden layers. W [l]
i

indicates the ith row of the weight matrix W [l] of the lth hidden layer.

As a part of the family of machine learning algorithms, deep learning refers

to a class of machine learning techniques that extract and build complex features

through a stack of hidden layers from raw input data. With a large number of

hidden layers, very complex functions can be learned from pre-labeled exam-

ples. In the context of CRNs, the task of spectrum sensing is to predict the pres-

ence of a PU given a set of observed data. Let z(m) denote the mth observation

at the SU, and y(m) denote the mth label with y(m) = 1 representing the presence

of a PU and y(m) = 0 representing the absence of a PU. From a collection of

M training observation-label pairs
{
(z(m), y(m))

}∣∣∣
M

m=1
, the goal of deep learning

algorithms is to find a parametric probability distribution Pr {y|z; θ} and learn

the value of parameters θ optimizing a selected cost function.
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Deep Neural Networks

A neural network is a class of data structures where a number of simple but

highly interconnected components process information by their dynamic state

response to external inputs. A typical fully-connected neural network, shown

in Fig. 2.4, consists of an input layer z with vector length nz, L number of hid-

den layers with n[l] hidden units in layer l, l ∈ [1, 2, . . . , L], and an output layer

y, where each neuron is connected to all neurons in the adjacent layers above.1

A hidden unit (also known as neuron) linearly combines the outputs from other

neurons that connect to it, applies a non-linear transformation (called an acti-

vation function), and forwards the output to the neurons in the next layer. The

input-output relationship between adjacent layers can be recursively given as

a[l] = φ(h[l]) = φ(W [l]a[l−1] + b[l]), l ∈ [1, 2, . . . , L], (2.1)

where W [l] is the weight of the connections, b[l] is the bias, h[l] is the pre-activation

function, φ(·) is the non-linear activation function, and we define aaa[0] = zzz for the

input layer.

It is well-known that a single-layer neural network with an infinite number

of neurons can uniformly approximate any continuous function arbitrarily well

[49]. With the advance of training algorithms and computational hardware, deep

neural networks (DNNs), with a large number of layers but finite number of

neurons in each layer, have become feasible in practice. DNNs have a large

representational capacity and therefore can process data in its raw form to learn

features of the data.
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Figure 2.5: A convolutional neural network with a single set of convolutional
and max pooling layer.

Convolutional Neural Networks

In the applications of signal recognition and classification in CRNs, the dimen-

sion of the input data is usually very large. As a consequence of this fact, the

number of parameters in a fully-connected DNN grows exponentially, and hence

training becomes harder and even infeasible. To overcome this problem, convolutional

neural networks (CNNs) use convolutional filters that extract local features when

the dimension of the input is large [50]. A typical architecture of a CNN is shown

in Fig. 2.5. Local features of the input matrix are summarized by a set of convo-

lutional filters and further down-sampled by max pooling layers to reduce the

variation caused by small local changes of the input. CNNs reduce the num-

ber of parameters dramatically by sharing local features, which makes training

DNNs with a high dimensional input feasible.

Recurrent Neural Networks

In CRNs, the sequential input signals contain information about historical pat-

terns of PUs. In order to utilize the sequential nature of information signals in

CRNs, a recurrent neural network (RNN) can be used. More specifically, an RNN

is a neural network type that takes a sequence of inputs and aggregates multi-

ple neural networks over time with its internal states keeping track of historical

observations [51], as shown in Fig. 2.6. However, RNNs are usually hard to

1By convention, the number of the layers of a deep neural network refers to the number of
hidden layers in the neural network L.
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Figure 2.6: An unrolled recurrent neural network with m sequential inputs.

train because of the diminishing gradient problem [11]. A long short-term mem-

ory network is a special kind of RNN that can effectively solve the diminishing

gradient problem and greatly reduce the learning time [52].

Training Algorithm

As is standard in the field of machine learning, most training algorithms for

almost all types of neural networks use the cross-entropy and its variations be-

tween the training distribution ρtraining and the prediction as the cost function,

J(θ) = E(z,y)∼ρtraining
[L(z, y, θ)] ≈ 1

M

M

∑
m=1

L
(

z(m), y(m), θ
)

, (2.2)

where ρtraining is the training distribution and L (z, y, θ) is the per-example loss.

One common choice for L (z, y, θ) is the cross-entropy given by L(z, y, θ) =

− log pDNN(y|z; θ). These algorithms minimize the cost function J(θ) using stochas-

tic gradient descent which approximates the true gradient [11]

∇θJ(θ) ≈ 1
M

M

∑
m=1
∇θL

(
z(m), y(m), θ

)
, (2.3)
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and is an approximation for the true gradient. The gradient computing will be

performed using a mini-batch of training samples randomly drawn from the

training set as follows:

∇̂θ =
1
|M| ∑

m∈M
∇θL

(
z(m), y(m), θ

)
, (2.4)

where M is the randomly chosen training set with size |M|. This step is fol-

lowed by an update of the gradient descent according to

θ← θ− α∇̂θ, (2.5)

where α is the learning rate. Using the stochastic gradient descent approach, the

training algorithm usually arrives at a locally optimal point quickly [11].

2.2.2 Deep Reinforcement Learning Basics

As one of the main types of machine learning algorithms, a reinforcement learn-

ing (RL) algorithm autonomously explores an unknown environment and dis-

covers hidden structures by trying to maximize a reward function [53]. Different

from supervised learning algorithms such as image recognition, RL algorithms

do not rely on labeled examples provided by a knowledgeable external supervi-

sor during training. At every time instance, the outcome of an RL algorithm is

the action that can maximize the long-term reward.

Environment

Agent

at rt+1st+1

πt(a|s)

Figure 2.7: The framework of reinforcement learning.
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Figure 2.7 illustrates the framework of RL. At each discrete time step t, an

RL agent receives the current state of the environment st ∈ S , where S is the

state space of the environment. Then, according to a policy πt, the agent selects

an action at ∈ A, where A is the action space of the agent, and interacts with

the environment to obtain the next state st+1 and the corresponding numerical

reward rt+1 ∈ R. The environment then evolves to the next state st+1. The

objective of the agent is to determine the optimal policy π∗, which is a mapping

from states to actions, that maximizes the expected long-term cumulative reward

from the initial state

π∗ = arg max
π

E [R|π] , (2.6)

where R ,
∞
∑

t=0
γtrt(st, at) and γ is a discount factor that controls the importance

of future rewards.

If we assume the environment that an RL algorithm interacts with can be de-

scribed by a Markov decision process (MDP), where the state of the environment

satisfies the Markov property (i.e., the current state only depends on the previ-

ous state), then the RL problem can be solved by dynamic programming. The

idea is then to use value functions to guide the search for the optimal policy. The

state-value function Vπ(s) is the expected reward starting with the state s and

following the policy π, and is written as,

Vπ(s) , E [R|s, π] . (2.7)

. The state-action-value function Qπ(s, a) is the expected reward starting with the

state s, choosing the action a, and following the policy π, and is expressed as,

Qπ(s, a) , E [R|s, a, π] . (2.8)

Under the assumption of MDP, the state-action-value function satisfies the Bell-
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man equation:

Q∗ (st, at) = E

[
rt (st, at) + γ max

at+1
Q∗ (st+1, at+1)

∣∣st, at

]
. (2.9)

Such a value iteration converges to the optimal Q∗ asymptotically [53]. This

equation is the foundation of reinforcement learning.

Deep reinforcement learning uses a neural network to approximate the state-

action-value function [54]. It can learn a very complex policy directly from raw

data without any hand-crafted features. In Chapter 4, we use the framework of

deep reinforcement learning and propose a deep reinforcement learning-based

algorithm to sense a narrowband spectrum and control the transmit power to

balance the sensing-throughput trade-off in CRNs.

2.2.3 Generative Adversarial Networks

Generative adversarial networks (GANs) are another type of neural network

that can generate synthetic new data from low-dimensional manifold to a high-

dimensional manifold [55]. They have shown great potentials in applications

such as generating real looking images [56] and increasing image resolution [57].

Discriminator
D

Generator
G

True Training Data

Low-dimensional x

High-dimensional y

Synthetic ŷ

1: From true training data

0: From synthetic data

Output: synthetic ŷ

Figure 2.8: The framework of generative adversarial networks.

Figure 2.8 shows the framework of generative adversarial networks. The

generator G takes the low-dimensional input x and generates a synthetic high-

dimensional ŷ, whereas the discriminator D discriminates whether its input is

from the true high-dimensional y from the training data or the synthetic output ŷ
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from the generator. The generator and the discriminator continuously pit against

each other until the authenticity of the generated output is indistinguishable by

the discriminator.

In Chapter 6, we adopt the GAN framework and propose a novel compres-

sive sensing algorithm that can sense the activities of primary networks at a sub-

Nyquist sampling rate in a wideband spectrum.

2.3 Deep Reinforcement Learning-Based Self-Organized
Networks

2.3.1 Self-Organized Networks in the 5G Era

With the rise of artificial intelligence, self-organized network (SON) has become

a new network paradigm towards the fast-changing and ubiquitous wireless

communication demands in the 5G era. The main goal of SONs is to autonomously

configure the network to adapt to the constantly changing of environment and

user demands with minimal human intervention [58]. For example, typical use

cases of SONs include reconfiguration of network topology and on/off patterns

of base stations.

The concept of self-organization can be further broken down into two parts:

self-configuration and self-healing [59]. Self-configuration refers to the ability of

the network to configure the control parameters such as network topology, re-

source allocation, and user association. In addition, a self-configured network

can also seamlessly integrate heterogeneous devices with various technologies

to the network [60]. Self-healing refers to the ability of the network to reconfigure

when the conditions of the network change, such as the failure of local network

devices and the obstruction of transmission channel [61]. Most of the config-

urable parameters are combinatoric in nature [62], and therefore, the underlying

optimization problems are generally NP-hard to solve. Classical optimization
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techniques fail to efficiently solve these optimization problems in a timely fash-

ion so as to keep up with the changing environment.

2.3.2 Deep Reinforcement Learning with Monte Carlo Tree Search

Monte Carlo tree search (MCTS) is an algorithm framework for searching for the

optimal solution by building up a search tree in the discrete decision space. It

has profound applications in many challanging domains, such as the Go game

and planning and scheduling problems [63].

Select Expand Backup

Search
Node

Figure 2.9: The procedure of Monte Carlo tree search.

Figure 2.9 shows the procedure of Monte Carlo tree search. At each iteration,

starting at the root search node, the next searching node is selected by a selection

policy. If this node is in a non-terminal state (i.e., expandable), a number of

simulations are executed to determine the next child node that is to be added

to the search tree. The averaged outcome is then backpropagated, and is used

to update the statistics of each node along the path. This MCTS framework is

a statistical anytime algorithm, which continuously returns valid solutions and

can resume at anytime without restarting from scratch.

The key step in each searching iteration is the expansion, where the best ac-

tion is selected using the Monte Carlo simulation. A number of simulations,

starting from the current state, are executed and the results are collected to up-

date the statistics of each state. The upper confidence bound (UCB) [64] is a

common choice for the statistics due to is simplicity and efficiency, and it can
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balance the exploration-exploitation trade-off with a limited amount of compu-

tational resources. Intuitively, this selection strategy initially prefers actions with

high a priori probability of selecting each action, but asymptotically prefers the

actions with a high state-action value.

Integrating deep RL with MCTS, AlphaGo Zero from Google demonstrates

exceedingly superhuman proficiency in playing the game of Go [65]. Specifically,

a DNN is used to approximate the outcome of each available action as a guide

for the tree expansion. In return, the MCTS efficiently collects training data for

the DNN by searching more promising areas in the search space in Monte Carlo

simulations. In Chapter 7, we adopt the MCTS approach with deep RL and

propose an algorithm than can autonomously adjust and optimize the topology

of wireless sensor networks (WSNs).

2.4 Summary

In this chapter, we surveyed some of the state-of-art techniques for network opti-

mization in 5G wireless networks. We also briefly summarized the related back-

ground knowledge that will be used in subsequent chapters. Specifically, many

engineering problems in wireless communication are mixed-integer nonlinear

programming (MINLP). Classical optimization approaches such as SCA with

matching as in Chapter 3 are valuable in theoretical analysis but suffer from

high computational complexity, and thus are prohibited in practical on-line sys-

tems. To address this practical issue, we move on to explore the application of

machine learning in solving these MINLP problems. With ever increasing com-

putational power, we demonstrate in Chapters 4 and 6 that machine learning

approaches are suitable for many practical wireless communication systems in

the sense that the algorithm can learn automatically from the changing environ-

ment while keeping the memory of the relevant historical data.



3
Joint Backhaul-Access Optimization in

Full-Duplex Heterogeneous Networks

3.1 Introduction

The fifth generation (5G) of wireless communication networks will be inundated

with large numbers of users with heterogeneous demands of data rates, delay,

and energy efficiency [66]. To meet these demands, small-cell densification in

heterogeneous networks (HetNets) is a key solution for 5G networks, offering

increased capacity with spectrum reuse between macro-cell base stations (MBSs)

and small-cell base stations (SBSs) [6]. To support flexible SBS deployments,

wireless backhauling from a nearby MBS is an attractive alternative to traditional

31
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wired solutions. In such scenarios, network operators typically employ half-

duplex (HD) schemes for the backhaul and access links using frequency-division

duplexing (FDD) or time-division duplexing (TDD) schemes. To further improve

the spectral efficiency of wireless backhaul, full-duplex (FD) transceivers with

self-interference cancellation has been proposed at the SBS of 5G HetNets [14].

In theory, an ideal FD backhaul-access scheme with perfect self-interference

cancellation can double the spectrum efficiency compared with HD schemes be-

cause it is not limited by subchannel availability and can transmit at all times1.

However, in practice, the presence of residual self-interference at the FD-SBS

transceiver will degrade the performance of the backhaul links. Furthermore,

due to the MBS and SBS sharing the same frequency band, inter-tier interference

from the MBS to the SBS users also degrades the performance of the access links.

Resource allocation for HD and FD wireless backhauling schemes have been

actively considered in the recent literature [40, 67–69]. The authors in [40, 67]

analyzed HD backhaul-access schemes and showed that jointly optimizing the

backhaul and access radio resources can provide significant improvements over

independent resource allocation of backhaul and access links. In [68], a game-

theoretic Stackelberg formulation was presented to maximize the total through-

put of a HD backhaul-access scheme. In [69], a FD backhaul-access scheme was

considered where the power allocation problem was solved for a single-carrier

system with no subchannel allocation.

A further challenge of FD backhauling in 5G HetNets is the inter-tier in-

terference from the MBS and self-interference at the SBS, which result in non-

convex constraints in the power allocation optimization. As a result, obtaining

the global optimal solution is generally difficult. In [70], the authors presented a

non-convex optimization problem of a coherent scheme to optimize an in-band

FD multiple-input-multiple-output relay via beamforming and transmit power

1The higher spectral efficiency does come with the fact that continuous transmission by the
FD scheme results in a higher average power than the HD scheme, which at times transmits zero
power.
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allocation and show that under certain criteria, their proposed algorithm con-

verges to the global optimal solution. In [71], the authors used a genetic algo-

rithm to obtain a quasi-optimal solution of a power allocation problem for the

FD cooperative decode-and-forward relay system. Due to high computational

complexity of global optimization approaches, a number of sub-optimal algo-

rithms are derived to offer a balance between complexity and optimality. In [41],

successive convex approximation (SCA) was applied to solve a non-convex op-

timization problem due to the inter-tier interference in 5G HetNets. In doing

so, the non-convex optimization problem is successively transformed into an

approximated convex optimization problem in each iteration, until the solution

converges.

A number of works have looked at resource allocation problems with a con-

straint of limited backhaul [72–74]. Since the network topologies of these prob-

lems often allocate different channels for the backhaul and access networks, in-

dividual constraints of link capacity are required. In our work, we consider the

case where the backhaul and access networks share the same frequency band

with a total capacity constraint. This constraint adds another degree of freedom,

which further complicates the problem.

In this chapter, building on the aforementioned works, we develop a match-

ing theory framework to jointly optimize the power and subchannel allocation

in FD-HetNets with orthogonal frequency-division multiple-access (OFDMA)

scheme. We make the following key contributions.

• We propose a two-stage algorithm to allocate the SBS-user subchannels and

MBS-SBS downlink powers aimed at maximizing the minimum user rate.

Since this problem is combinatorial in nature and NP-hard, we employ

a two-sided many-to-one matching theory framework to initially allocate

subchannels in the matching stage based on the users’ preference of maxi-

mizing their individual rates. In the swapping stage, a swap-matching ap-

proach is applied at the SBS to allow pairs of users to swap their subchan-
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nels to obtain a higher throughput.

• For a given subchannel allocation, the power allocation is still non-convex

due to the presence of both inter-tier interference and self-interference.

Therefore, we propose an iterative SCA-based approach that successively

approximates the non-convex constraints using geometric programming to

optimize the power allocation for the MBS and SBS.

• We analyze the convergence and complexity of the proposed FD algorithm,

and highlight that our algorithm provides a judicious trade-off between

optimality and complexity with a solution that is close to exhaustive search

whilst significantly outperforming separately optimized approaches for

backhaul and access links.

• To promote fairness among multiple users served by the SBS, our pro-

posed optimization is aimed at maximizing the minimum user rate in the

presence of inter-tier interference from the MBS to the SBS users and self-

interference at the FD-SBS transceiver.

Numerical simulations show that the performance of our FD backhaul-access

allocation scheme outperforms HD schemes such as FDD and TDD by approxi-

mately 1.5 times depending on the severity of the self-interference.

3.2 System Model and Problem Formulation

3.2.1 System Model and Notations

We consider the downlink of a two-tier HetNet, as shown in Fig. 3.1, where the

same frequency band is shared between the backhaul link (from a nearby MBS to

the SBS and the access links (from the SBS to its associated users) through a FD

transceiver at the SBS. All users in the set V = {Vk}k∈K, whereK = {1, 2, . . . , K},
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Figure 3.1: A FD backhaul-access HetNet with a SBS serving K users over N
OFDMA subchannels with wireless backhauling from a nearby MBS.

are randomly located within the SBS coverage and have access to OFDMA sub-

channels from the set S = {Sn}n∈N , where N = {1, 2, . . . , N} and assuming

N ≥ K. The bandwidth of each subchannel is assumed to be much less than

the coherence bandwidth of the wireless channel, so that the channel response

in each subchannel follows a flat fading environment.

At the MBS, let Gn denote the backhaul channel power gain from the MBS

to the SBS on subchannel n, and Pn ∈ [0, PMBS
max ] be the corresponding transmit

power, where PMBS
max is the maximum power available at the MBS. At the SBS, let

gk,n denote the access channel power gain from the SBS to user k on subchan-

nel n, and pk,n ∈ [0, pSBS
max] be the corresponding transmit power, where pSBS

max is

the maximum power available at the SBS. For the ease of notation, the power

allocation is represented by a set P , {Pn, pk,n}k∈N ,n∈N . Similarly, the subchan-

nel allocation is represented by a set X = {xk,n}k∈K,n∈N , where each element

xk,n ∈ {0, 1} represents the subchannel allocation of user k on subchannel n in

the small cell, i.e., xk,n = 1 if subchannel n is allocated to user k, and xk,n = 0
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otherwise. Without loss of generality, we assume that the noise power seen by

all users on each subchannel is equal to σ2.

For FD backhauling, the FD transceiver at the SBS induces self-interference

due to its transmissions to the users. We model the capability of self-interference

suppression by a factor χ ∈ [0, 1], with 0 denoting the case of complete self-

interference cancellation and 1 representing the case of no self-interference sup-

pression [23]. In addition, since the MBS and the SBS operate in the same fre-

quency band, inter-tier interference exists between the MBS and the users. Let

Ĝk,n denote the inter-tier interference channel power gain between the MBS and

user k on subchannel n. We assume that the channel states stay the same during

the period of interest and are known to the SBS.

3.2.2 Problem Formulation

In the presence of the self-interference at the SBS, the received signal-to-interference-

plus-noise ratio (SINR) of the FD transceiver at the SBS on subchannel n is given

by

SINRSBS
n (P) =

GnPn

χ ∑
k∈K

pk,n + σ2 , ∀n. (3.1)

where the term χ ∑k∈K pk,n is the residual self-interference at SBS. Therefore, the

instantaneous achievable rate of the backhaul link on subchannel n is given by

Rn(P) = log
(

1 + SINRSBS
n (P)

)
, ∀n. (3.2)

Similarly, due to the existence of inter-tier interference from the MBS to the users

in the small cell, the received SINR at user k on subchannel n is given by

SINRuser
k,n (P) =

gk,n pk,n

Ĝk,nPn + σ2
, ∀k, n, (3.3)
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where the term Ĝk,nPn is the inter-tier interference from the MBS to the user.

Therefore, the instantaneous achievable rate of user k on subchannel n is given

by

rk,n(P) = log
(
1 + SINRuser

k,n (P)
)

, ∀k, n. (3.4)

Based on (3.4) and (3.2), we formulate the resource allocation problem that

maximizes the minimum achievable data rate across all users under a backhaul-

access rate constraint as

maximize
{X,P}

min
k∈K ∑

n∈N
rk,n(P), (3.5a)

subject to ∑
n∈N

Pn ≤ PMBS
max , (3.5b)

∑
k,n

pk,n ≤ pSBS
max, (3.5c)

pk,n ≤ xk,n pSBS
max, ∀k, n (3.5d)

xk,n ∈ {0, 1}, ∀k, n (3.5e)

∑
k∈K

xk,n ≤ 1, ∀n (3.5f)

∑
k∈K
n∈N

rk,n(P) ≤ ∑
n∈N

Rn(P), (3.5g)

where (3.5b) and (3.5c) is the total power constraint at the MBS and the SBS,

respectively, (3.5d) makes sure that no power is allocated if the subchannel is

not used, (3.5e) and (3.5f) are the exclusive channel usage constraints, and (3.5g)

is the backhaul-access capacity constraint assuring that the total user rate in the

access links cannot exceed the total backhaul capacity.

Due to the non-convexity of (3.5g) and the presence of the binary variables

xk,n, (3.5) is a non-convex mixed-integer optimization problem, which is NP-

hard to solve and computationally intractable [75]. As such, in the following

sections, we develop a two-stage power and subchannel allocation algorithm to

solve the optimization in (3.5) based on two-sided many-to-one matching theory
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and SCA-based non-convex optimization framework.

3.3 FD Backhaul-Access Resource Allocation

In order to derive a practical low-complexity algorithm to solve (3.5), we apply a

two-sided many-to-one matching framework based on [76] where the subchan-

nels (controlled by the SBS) and its associated users are two finite disjoint sets

of entities that would like to be matched with each other according to their indi-

vidual preferences.

3.3.1 Stage One: Two-Sided Many-to-One Matching

We consider the set of users V = {Vk}k∈K and the set of subchannels S =

{Sn}n∈N as two finite disjoint sets. If subchannel n is assigned to user k, then

subchannel n and user k is said to form a matching pair, denoted by (k, n), or

equivalently, xk,n = 1.

Definition 1. A many-to-one matching µ is a mapping from the set V ∪ S to its

power set 2V∪S such that:

1. µ(Vk) ⊆ S such that |µ(Vk)| ≤ N for all Vk ∈ V ;

2. µ(Sn) ⊆ S such that |µ(Sn)| ≤ 1 for all Sn ∈ S ;

3. Sn ∈ µ(Vk) if and only if µ(Sn) = Vk for all Vk ∈ V and Sn ∈ S .

The outcome of a matching depends on the preference profiles of the users

and SBS subchannels on each side (potentially conflicting among the users), and

corresponds to a subchannel allocation X. In other words, the users and SBS

subchannels make matching choices based on their own preference profiles.
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Definition 2. A complete and transitive strict preference profile�i is a linear order

upon which i ∈ V ∪ S can compare any two matchings, µ and µ′, related to i

through the self-interested utility function Ui(·):

µ(i) �i µ′(i)⇐⇒ Ui(µ) > Ui(µ
′). (3.6)

Preference Profiles of Users

With the knowledge of local inter-tier interference and channel conditions, each

user k wishes to select and be allocated to the best subchannel in the access net-

work. The utility function of user k can be defined as

UVk(n) = log

(
1 +

gk,n pk,n

Ĝk,nPn + σ2

)
, ∀k ∈ K. (3.7)

Consequently, the preference profile of user k of subchannel Sn over subchannel

S′n is defined as

Sn �Vk S′n ⇐⇒ UVk(n) > UVk(n
′). (3.8)

Each user then proposes the preference profile to the SBS. We remark that the

preference profile of each user is self-interested, aiming to maximizing their own

received data rate, and may contradict with the objective function of (3.5).

Preference Profile of the SBS

Upon receiving the preference profiles from the users, the SBS selects the best

subchannel allocation that achieves the highest value of the objective function in

(3.5). Given a subchannel allocation X, the utility function of the SBS aligns with
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the objective function in (3.5), i.e.,

USBS(X) = max
P

min
k∈K ∑

n∈N
rk,n(P). (3.9)

Therefore, the preference profile of the SBS of matching µ over µ′ is defined as

µ �SBS µ′ ⇐⇒ USBS(X) > USBS(X ′). (3.10)

However, even for a fixed subchannel allocation X, (3.5) is still a non-convex

optimization problem. Therefore, we adopt the SCA-based approach to solve

the optimization problem, where non-convex constraints are approximated by

a series of inner convex functions in an iterative fashion. First we introduce an

auxiliary variable Γ to represent the objective function in (3.5). The optimization

in (3.5) can be equivalently reformulated as

maximize
Γ,P

Γ, (3.11a)

subject to (3.5b), (3.5c)

∑
n∈N

rk,n(P) ≥ Γ, ∀k ∈ K, (3.11b)

∑
n∈N

Rn(P) ≥ KΓ, (3.11c)

In this chapter, we use the geometric programming approximation [39] to

solve (3.11) by first rewriting the individual user rate constraint (3.11b) as

Γ̂ ∏
n∈N

(
Ĝk,nPn + σ2

Ĝk,nPn + σ2 + gk,n pk,n

)
≤ 1, ∀k ∈ K, (3.12)

where Γ̂ = eΓ, and then transforming the optimization problem into a standard-

form geometric programming problem. To be specific, the posynomial on the

denominator of each term in (3.12) is approximated by a monomial fk,n(P) by
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the following arithmetic-geometric mean inequality

fk,n(P) =

(
Ĝk,nPn

ak,n

)ak,n (
σ2

bk,n

)bk,n (gk,n pk,n

ck,n

)ck,n

≤ Ĝk,nPn + σ2 + gk,n pk,n,

(3.13)

where

ak,n =
Ĝk,nP(t−1)

n

Ĝk,nP(t−1)
n + σ2 + gk,n p(t−1)

k,n

,

bk,n =
σ2

Ĝk,nP(t−1)
n + σ2 + gk,n p(t−1)

k,n

,

ck,n =
gk,n pk,n

Ĝk,nP(t−1)
n + σ2 + gk,n p(t−1)

k,n

,

(3.14)

which are determined by the point P(t−1) in the previous iteration (t− 1). Then

the individual user rate constraint in (3.12) can be approximated by

Γ̂ ∏
n∈N

(
Ĝk,nPn + σ2

fk,n(P)

)
≤ 1, ∀k ∈ K (3.15)

which conforms to the standard-form geometric programming.

Similarly, the backhaul-access rate constraints (3.11c) can be approximated

by

Γ̂K ∏
n∈N

(
χ ∑k∈K pk,n + σ2

hn(P)

)
≤ 1, (3.16)
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where

hn(P) =
(

χ ∑k∈K pk,n

αn

)αn (σ2

βn

)βn (GnPn

γn

)γn

,

αn =
χ ∑k∈K p(t−1)

k,n

χ ∑k∈K p(t−1)
k,n + σ2 + GnP(t−1)

n

,

βn =
σ2

χ ∑k∈K p(t−1)
k,n + σ2 + GnP(t−1)

n

,

γn =
GnP(t−1)

n

χ ∑k∈K p(t−1)
k,n + σ2 + GnP(t−1)

n

.

(3.17)

Now (3.11) has been reformulated into a standard-form geometric programming

maximize
Γ̂,P

Γ̂, (3.18a)

subject to (3.5b), (3.5c), (3.15), (3.16),

which can be solved efficiently and reliably with large number of variables us-

ing the interior-point method. The algorithm terminates when the difference of

successive solutions is within a predefined region ε [42].

A many-to-one matching can be completely defined by a triple (K,N , (�i

)i∈K∪N ). After iterations of matching between users and subchannels,

Definition 3. A matching µ is said to be pairwise stable if:

1. µ(i) �i i for all i ∈ K ∪N ;

2. There does not exist a pair (k, n) ∈ K ×N with µ(k) 6= n such that k �n

µ(n) and n �k n′ for all n′ ∈ µ(k).

Condition (1) is often called individual rationality in the literature, which is

a minimal requirement for a matching to persist. Because if i �k µ(i) exists,

the agent would not prefer to participate in the matching market. Condition (2)

states that no pair would find it worthwhile to dump their partners under µ to
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be matched to each other, and the matching µ will likely be dissolved. Such a

pair (k, n) is called a blocking pair with respect to µ.

3.3.2 Stage Two: Swap Matching with Externalities

In our backhaul-access HetNet setting, the preference profiles of users and SBS

subchannels are interdependent with each other. For instance, in (3.4), each

user’s preference profile is determined not only by the channel conditions of

the subchannels, but also by the matching outcome of other users, which affects

the local inter-tier interference through the power allocation for the backhaul.

This is termed in matching theory as externalities or peer effects [76].

The effect of externalities complicates the problem in that the preference pro-

file of the users is not stable. Specifically, given a current matching (Vk, Sn) ∈ µ,

the inter-tier interference may subsequently change under a new matching µ′

due to the new optimum power allocation under µ′ for the backhaul, and as a

result user k or subchannel n may not prefer to match with each other any more

and wish to dissolve the matching. This potentially forms a cycle and breaks

down the stability of the matching problem, and thus no guarantee of a stable

matching exists.

To address this, we assume that the channel conditions are fixed for the pe-

riod of time of interest and define a swap matching as a matching where two users

swap their matchings while other matchings remain the same.

Definition 4. A swap matching µ
V′k ,S′n
Vk,Sn

with Vk ∈ V , Sn ∈ µ(Vk) ⊆ S and V′k ∈
V , S′n ∈ µ(V′k) ⊆ S is defined as

µ
V′k ,S′n
Vk,Sn

= {µ\{(Vk, Sn), (V′k , S′n)}} ∪ {(Vk, S′n), (V
′
k , Sn)}. (3.19)

To enforce the stability of the matching involving externality, the stability of
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a swap matching is defined as follows.

Definition 5. A matching µ is swap-stable if and only if there exists a pair

{(Sk, Vn), (S′k, V′n)} such that:

1. Ui(µ
V′k ,S′n
Vk,Sn

) ≥ Ui(µ) for all i ∈ {Vk, Sn, V′k , S′n};

2. Ui(µ
V′k ,S′n
Vk,Sn

) > Ui(µ) for one i ∈ {Vk, Sn, V′k , S′n}.

Such a pair {(Sk, Vn), (S′k, V′n)} is called a swap-blocking pair with respect to µ and

µ
V′k ,S′n
Vk,Sn

.

Intuitively, since the preference profiles of SBS subchannels are in line with

(3.11), the swap matching can further improve the optimality of the algorithm.

In addition, it can be shown that a swap-stable matching always exists, which is

another benefit of applying swap matching as the termination condition for the

algorithm.

3.3.3 Proposed Algorithm: Convergence and Complexity

Algorithm 1 details our proposed algorithm for jointly optimizing the FD backhaul-

access resource allocation applying matching theory and SCA-based geometric

programming.

During the matching stage (Line 1 to Line 11), each user constructs its pref-

erence profile �V by calculating (3.7) and requests a subchannel from its prefer-

ence profile that has not been previously rejected. The SBS only accepts the user

request if the subchannel is unoccupied. This procedure repeats until all user

requests have been accepted. Then the SBS randomly allocates the remaining

subchannels to the users.

During the swapping stage (Line 12 to Line 15), the SBS searches for swap-

blocking pairs {(Vk, Sn), (V′k , S′n)} by comparing the objective value of (3.18) of
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Algorithm 1: Full-Duplex Backhaul-Access Resource Allocation
Initialize: X ← 000; {Pn ← PMBS

max /N, ∀n}; µ← X, µ′ ← ∅;
Output: Subchannel allocation X and power allocation P;

Stage One: Matching Stage
1: Each user constructs the preference profile �V by calculating (3.7);
2: while Exists user k that has not been accepted by SBS do
3: Each user proposes itself to the first subchannel in its preference profile;
4: if Subchannel n has not been occupied then
5: SBS accepts user k;
6: else
7: SBS rejects user k;
8: User k deletes the first entry in its preference profile;
9: end if

10: end while
11: SBS randomly allocates the remaining subchannels to users;

Stage Two: Swapping Stage
12: repeat
13: SBS swaps a pair of subchannels while keeping other matchings fixed;
14: Solve (3.18) under the new matching;
15: Keep the matching with a larger objective value of (3.18);
16: until No swap-blocking pair found

the new matching, and keeps the matching that has a larger objective value. The

algorithm terminates when no swap-blocking pair can be found, and the final

subchannel and power allocation is determined.

Convergence and Complexity Analysis

The convergence of Algorithm 1 is given in the following theorem.

Theorem 1. The proposed algorithm converges to a swap-stable matching after a

finite number of swapping iterations.

Proof. By Definition 3, the swap matching operation only occurs when the

objective value of (3.18) increases. Since there are finite number of subchan-
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nel allocations, therefore, a swap-stable matching always exists.

The complexity of the proposed algorithm is given by the number of swap-

blocking pairs in the outer loop and the number of geometric programming it-

erations in the inner loop. For the subchannel allocation, given that the number

of the users is N, Algorithm 1 needs to evaluate at most (N − 1)! number of

swaps before the objective value of (3.18) increases. The complexity of the inner

geometric programming iterations of the interior-point method is on the order

of Odlog((K + 3)/εt(0)) log(log µ)e, where K + 3 is the number of constraints in

(3.18), ε is the termination criterion, t(0) is the initial parameter for the interior-

point method, and µ is the parameter for updating t [42].

As will be highlighted in the following numerical section, our proposed al-

gorithm quickly converges to a near-optimal solution with significantly lower

computational complexity compared to the exhaustive search methods require-

ment of S(K, N)N! possible subchannel allocations, where S(·, ·) is the Sterling

number of the second kind2. We remark that the Stirling number grows faster

than exponential functions, and therefore, the number of all possible subchannel

allocation in the exhaustive search is prohibitively large even for relatively small

numbers of K and N.

3.4 Numerical Simulations

In this section, we present numerical examples for a typical two-tier HetNet

specified in [77] as shown in Fig. 3.1. We assume that the MBS is at the origin

with a height of 30m and maximum transmit power 46dBm. We consider ur-

ban and suburban wireless channel environments with approximately uniform

height buildings. The propagation model for the MBS-SBS backhaul and MBS-

user interference channels follow a long-range COST231-Hata Model [78]. The

2The exact expression of the Stirling number is given by S(K, N) = 1
N! ∑K

i=0 (
N
i )(N− i)K(−1)i.
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Figure 3.2: Average minimum user rate for full- and half-duplex scenarios

SBS is located at (500m, 500m) and provides coverage to N users randomly dis-

tributed within a 25m circular radius around the SBS. The SBS height is 10m with

maximum transmit power 24dBm. The propagation model of the SBS-user ac-

cess channels follow a short-range COST231-Walfisch-Ikegami Model [78]. The

backhaul and access channels share the same frequency band with center fre-

quency 2GHz and total bandwidth 10MHz. The results are obtained using Monte

Carlo simulations for 2000 random user and channel configurations.

Figure 3.2 compares the minimum user rate in the FD, FDD, and TDD scenar-

ios3. In the TDD scenario, the backhaul and access links operate in different time

slots, and the solution is obtained by optimizing the time ratio allocated to the

backhaul and access links. In the FDD scenario, the backhaul and access links

operate in different frequency bands, and the solution is obtained by treating the

backhaul link as an additional user and jointly optimizing the power and sub-

channel allocation. The figure shows that the minimum user rate given by the

3The performance of FDD and TDD are very close to one another and indistinguishable in
Fig. 3.2
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Figure 3.3: Average minimum user rate for Algorithm 1, separate
backhaul-access optimization and optimal exhaustive search method.

proposed algorithm in the FD scenario increases by a factor of approximately

1.5 compared to the FDD and TDD scenarios. The figure also demonstrates the

effect of self-interference on the throughput of the FDHetNet. As expected, the

minimum user rate decreases with increasing residual self-interference suppres-

sion factor χ. We remark that the comparison is made under the same maximum

power constraint for each scenario. The FD scheme has a better performance

in our joint backhaul-access setting because it is not limited by the availability

of the channel (as opposed to TDD) and is able to transmit at all times over all

frequencies (unlike FDD, which cannot use entire bandwidth due to backhaul

transmission).

Figure 3.3 demonstrates the convergence and sub-optimality of Algorithm 1

for a single network configuration of K = 16 users and N = 16 subchannels.

The dashed line indicates the global optimal FD solution obtained by exhaus-

tively searching all combinations of subcarrier allocations. The solution of the

separate backhaul-access optimization method is obtained by alternatively op-
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Figure 3.4: CDF of number of potential swaps for outer loop matching stage.

timizing the backhaul and access links until a stable solution is reached. It is

clear that Algorithm 1 significantly outperforms the separate backhaul-access

optimization approach. We note that swap matching further improves both so-

lutions after initial matching, and Algorithm 1 approaches the optimal solution

in a few number of swapping iterations. Due to the proposed matching theory

framework, users are self-interested and only have knowledge of local informa-

tion, which results in a small gap to the optimal solution.

Figure 3.4 and 3.5 evaluate the computational complexity of Algorithm 1 in

terms of the number of potential swaps in the outer loop during the matching

stage, and the number of iterations of geometric programming when solving

(3.18) in the inner loop during the swapping stage, respectively. Fig. 3.4 com-

pares the empirical cumulative distribution function (CDF) of the number of po-

tential swaps for different combinations of K and N. The number of all possible

subchannel allocations for the exhaustive search method is shown in the brackets

based on evaluating S(K, N)N!, where S(K, N) = 1
N!

K
∑

i=0
(N

i )(N − i)K(−1)i is the

Sterling number of the second kind. We can see that our proposed Algorithm 1

significantly reduces the computational complexity compared to the exhaustive
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search and hence makes it more suited for practical real-world implementations.

Fig. 2.3 illustrates the complexity of the inner loop based on the number of itera-

tions of geometric programming for the case K = 6, N = 12 when solving (3.18),

where the termination criterion are ε = 10−3, 10−5 and 10−7. As shown in the

figure, the number of iterations increases as the termination criteria ε decreases,

due to the closeness between two successive solutions. The algorithm converges

within a small number of iterations with high probability, even with stringent

termination criterion.

3.5 Conclusion

In this chapter, we proposed a low-complexity matching theory and SCA-based

geometric programming approximation framework for FD joint backhaul-access

power and subchannel allocation to maximize the minimum user rate in two-tier

HetNets. The advantage of the FD scheme is that it allows continuous transmis-

sion and reception at the SBS. We showed that our proposed FD backhaul-access
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allocation scheme outperforms traditional HD schemes, such as FDD and TDD,

by approximately a factor of 1.5 and quickly converges to a solution that is close

to the exhaustive search method in a small number of iterations with high prob-

ability.

We conclude that the FD backhaul-access scheme is a promising solution to

support flexible SBS deployments and to increase the network capacity with both

inter-tier and self-interference.





4
Deep Reinforcement Learning-Based

Spectrum Control in CRNs

4.1 Introduction

Driven by the growth of traffic-intensive applications, such as virtual reality,

wearable devices, and cloud-based computing, the fifth generation (5G) of wire-

less communication networks are envisioned to support large numbers of users

with extreme demands in terms of user capacity, data rate, and latency [1]. A

major limitation to realizing higher data capacity is the inefficient utilization of

radio frequency resources due to the traditional spectrum segmentation for li-

censed users [43]. Cognitive radio is a promising solution to improve wireless

53
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spectrum utilization. The underlying design principle in cognitive radio tech-

nology is to enable unlicensed users to opportunistically exploit white spaces in

the licensed spectrum with limited coordination from the primary network.

Two main on-line tasks of cognitive radio are spectrum analysis and trans-

mission power control (or dynamic spectrum management) [79]. On the macro-

scopic level, the choice of half-duplex (HD) and full-duplex (FD) schemes largely

determines the adopted sensing and control algorithms and their performances.

Most existing work in the literature of cognitive radio networks (CRNs) employs

HD scheme at the secondary users (SUs) [43, 44, 46]. Due to the nature of HD

radios, a cognitive radio device has to periodically allocate a partial time slot to

sense the activities of the primary users (PUs), which interrupts the data trans-

mission and results in more overhead in each transmission. Furthermore, when

a SU device is transmitting, it may not detect any PU arrivals, which potentially

results in multiple collisions and notably degrades the primary network perfor-

mance.

These drawbacks can be mitigated using an FD scheme. FD radios can greatly

improve the spectrum efficiency because they are not limited by channel avail-

ability and can transmit at all times. Recent progress in self-interference cancel-

lation techniques has made practical FD transceivers available and led to new

opportunities for applying FD technology in CRNs [16]. With the ability of con-

current sensing and transmitting, FD cognitive radio devices can collect infor-

mation about the radio environment while transmitting data, and can evacuate

immediately when the spectrum is occupied by a PU.

On the microscopic level, classical spectrum-sensing approaches, such as en-

ergy detection-based, cyclostationary-based, and waveform-based sensing meth-

ods require a priori knowledge about the primary network, and assume that the

activities in the primary network are statistically stationary. But in heteroge-

neous CRNs, the task of spectrum sensing becomes more challenging or even

intractable, as the degrees of freedom of designing algorithms for all possible



4.1 Introduction 55

scenarios in a CRN increase exponentially. In addition, there exists an accuracy-

versus-complexity trade-off in these algorithms. In practice, energy detection-

based methods, which only compare the energy level of received signals with a

pre-defined threshold, are very attractive for on-line applications and for low-

energy devices due to their simplicity. The other methods take a great deal of

additional network information into consideration, and can therefore provide a

higher sensing accuracy. However, such approaches require much more compu-

tational resources, which often makes the algorithms infeasible in practice [80].

The field of machine learning, on the other hand, presents a suite of robust

and scalable techniques to extract recurring patterns without a priori network

knowledge. Its main tasks can be summarized as acquiring knowledge of an un-

known environment, and then making decisions based on this acquired knowl-

edge. With the rise of device-side intelligence, machine learning techniques, be-

yond their utility in classical applications, have also great potential in wireless

communications and CRNs to improve spectrum utilization and data rates. This

potential has already been recognized by both industry through open project

calls and the academic community through technical publications [81–84]. In

these papers, a number of machine learning algorithms are designed to sense

the unknown primary network features and opportunistically transmit to asso-

ciated SUs. A unique property of the machine learning approach, which makes

itself suitable for wireless networking applications, is the exploration of relevant

features of data via offline training, and therefore not sacrificing online running

speed. In the current chapter, inspired by successful applications of machine

learning in human-level intelligence-intensive fields such as autonomous driv-

ing and natural language processing, we propose a novel model-free reinforce-

ment learning-based algorithm that can operate without a priori network knowl-

edge and a stationarity assumption. The proposed algorithm can learn from

the unknown environment to opportunistically transmit data to the SUs while

avoiding clashes with the PUs. To be specific, we make the following contribu-
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tions in this chapter.

1. We propose a novel deep reinforcement learning-based spectrum control

(DRL-SC) algorithm for FD- and HD-CRNs.

2. The proposed algorithm is an end-to-end procedure in the sense that it di-

rectly takes raw signal samples as the input and determines the best output

transmission strategy without any a priori knowledge about the primary

network. In addition, the algorithm can adapt to heterogeneous primary

user activities and keep track of primary network changes.

3. We show that the designed deep reinforcement learning algorithm per-

forms better than the traditional energy detection-based sensing method

both in FD and HD schemes through extensive simulations.

4. We also show that the algorithm’s performance is close to the performance

of the genie-aided optimal algorithm, which can perfectly avoid collisions

and transmits at maximum power when there is no PU signal. This result

is especially true in the high-SNR regime.

4.2 Related Work

Before starting transmission to SUs, the cognitive base station (CBS) has to suc-

cessfully identify spectrum holes in the primary network. A sensing-throughput

trade-off manifests itself differently in HD- and FD-CRNs on the macroscopic

level. In HD-CRNs, the sensing duration controls the sensing accuracy and

throughput, and there always exists the optimal sensing duration such that the

throughput to an associated SU is maximized [44]. In FD-CRNs, the sensing-

throughput trade-off also exists due to the self-interference induced by the FD

operation at transceivers, especially when the transmission power is low [17].
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On the microscope level, spectrum sensing is one of the enabling technologies

of cognitive radio. This task is essentially a hypothesis test that differentiates pri-

mary signals from interference and noise. In the literature, three main types of

techniques are available for spectrum sensing: energy detection, cyclostationary-

based sensing and waveform-based sensing [45]. Energy detection methods

sense spectrum holes by measuring the received signal energy within a fixed

time slot. This method requires the least knowledge of the primary network and

has low computational complexity. However, its performance depends on the

number of samples collected and is degraded in the low-SNR regime. In some

situations, reliable detection may not be possible even with a large sample size

due to uncertainty in the interference and noise processes, which is referred to

as the SNR wall effect [85].

Cyclostationary-based sensing methods exploit the periodicity or cyclosta-

tionarity of the primary network’s signals, which is usually absent in the signal

contribution from interference and background noise. Furthermore, its compu-

tational complexity is prohibitively high for online applications [46]. Waveform-

based sensing methods require perfect knowledge of the transmit signals, such

as modulation type and carrier frequency. The detector performs coherent de-

tection to match the pattern of the PU’s signals, but frequency offsets and timing

errors at the receiver largely affect the detection performance. In addition, its

performance also degrades dramatically when the PU’s activity or the channel

condition changes rapidly [47]. The diversity in the primary network’s signals

both in time and space can also be exploited to improve the sensing accuracy as

proposed in [86] and [87] using cooperative sensing algorithms.

Different from traditional spectrum sensing approaches, machine learning of-

fers a new paradigm of designing algorithms that can learn from the unknown

world and obtain an intricate mapping from high-dimensional sensory inputs to

low-dimensional decision outputs [11]. Research on spectrum identification us-

ing deep neural networks has been very active in the past few years [82–84], and
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the proposed learning algorithms therein show very promising and competitive

results in successfully recognizing primary network features such as ON/OFF

patterns and modulation schemes. Reinforcement learning takes a further step

to not only learn, but also interact with the environment [53]. It is a class of

model-free algorithms that do not require prior knowledge of the system and

can learn without supervision.

Reinforcement learning algorithms include policy-based and value-based meth-

ods. Policy-based methods, such as the policy gradient in [88], directly improves

a policy in the policy space. These approaches have nice convergence proper-

ties, albeit with high variance due to the sampling inefficiency of the algorithm.

Moreover, they are on-policy algorithms in the sense that all samples are re-

quired to be sampled from the current policy that is being improved. Therefore,

they are not applicable when the system state is not reversible to try different

actions. On the other hand, value-based methods, such as Q-learning in [89],

use temporal difference iterations to directly evaluate the value function using

dynamic programming. However, if the state or the action space is vary large,

the algorithm requires a huge amount of memory to store all possible values of

the value function. To solve this issue, Deep-Q Networks (DQNs) in [54] use a

deep neural network to approximate the value function for a high-dimensional

and continuous state space.

Recently, to cope with highly dynamic and unknown radio environments,

some papers have investigated applying learning algorithms to dynamic spec-

trum access and resource allocation problems in HD-CRNs [90–92]. In [90], the

authors developed a distributed dynamic spectrum access algorithm based on

deep multi-user reinforcement learning. In [91], a two-stage reinforcement learn-

ing algorithm is proposed for channel selection in CRNs. The authors of [92]

considered a dynamic multi-channel access problem using a deep Q-learning

network.

Different from the existing work in the literature, our work is the first study
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Figure 4.1: An illustration of time-slotted downlink communication with slot
duration T in a cognitive small cell. (a) A cognitive small cell located inside the

coverage area of a primary base station; (b)–(d) PU activities and CBS’s
responses for FD and HD schemes.

that focuses on the joint spectrum sensing and sharing problem both in HD- and

FD-CRNs using a deep reinforcement learning approach with a large continuous

state space. We illustrate that our proposed DRL-SC algorithm outperforms the

traditional spectrum sensing techniques in terms of tractability of the unknown

dynamic radio environment and better sensing-throughput performance. The

performance of the proposed algorithm is shown to be close to the optimum per-

formance that can be achieved by means of a genie-aided algorithm.

4.3 System Model

We consider a narrowband downlink cognitive radio small cell that coexists with

a primary network in the same frequency band, as shown in Fig. 4.1(a). The

primary network operation is time-slotted and a newly arriving primary trans-

mission starts at the beginning of the next time slot. The PUs, including the

primary base stations and other primary network equipment, are licensed to use

the wireless spectrum at any time without notifying the CBS. We assume that the
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primary network does not fully utilize the wireless spectrum and the CBS always

has data to transmit to SUs. Therefore, the CBS needs to opportunistically access

the frequency band and communicate with its associated SUs when it senses no

primary network activity. This is the classical interweave mode of operation for

the secondary network [93]. The PUs follow an unknown time-slotted activity

pattern as shown in Fig. 4.1(b).

4.3.1 System Model for the FD Scheme

In the FD scheme, equipped with an in-band FD transceiver, the FD-CBS is able

to sense the wireless channel and transmit data simultaneously. As shown in

Fig. 4.1(c), the FD-CBS makes a transmission decision at each decision point

based on the previously collected information. Since the activities of the PUs

are unknown to the FD-CBS, two types of unavoidable spectrum wastage can

occur: delay collision and delay waste. Delay collision occurs when a PU starts to

transmit after a period of inactivity, and an ongoing FD-CBS transmission or de-

cision to transmit based on the previous inactivity pattern results in a collision

with the newly arriving PU transmission. On the other hand, delay waste occurs

when a PU stops transmitting after a period of transmission activity, while the

FD-CBS has decided to remain silent in the next time slot based on previous PU

activity. This results in an unavoidable waste of a transmission time slot.

While these two inefficiencies may seem rather limiting, it can be seen in

Fig. 4.1(c) and (d) that the spectrum utilization in the FD scheme is greater than

that of the HD scheme. Moreover, the FD scheme does not introduce additional

sensing overhead since the FD-CBS can continue to sense the spectrum without

interrupting ongoing transmissions.

Although using FD radios can double the spectrum efficiency in theory, it is

not possible to completely remove self-interference due to non-linearities and

imperfections along the self-interference-suppression processing chain in prac-
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tical implementations of FD transceivers [94]. We model the capability of self-

interference suppression by a factor β ∈ [0, 1], with 0 denoting the case of com-

plete self-interference cancellation and 1 representing the case of no self-interference

suppression. By taking the residual self-interference into account, the FD-CBS

predicts the vacancy of the wireless channel for the subsequent time slot and

makes a decision on the transmission power to a selected SU based on the ob-

served channel usage history from PUs.

We let H0 be the hypothesis of no PU activity and H1 be the hypothesis of

presence of PU activity. Considering self-interference, the nth sample of the re-

ceived baseband discrete-time signal at the FD-CBS can be modeled as

zn =





√
βsn + wn, underH0

xn +
√

βsn + wn, underH1

, (4.1)

where xn is the received signal from a PU with power σ2
x , sn is the transmitted

signal to a selected SU with power σ2
s ∈ [0, pmax], pmax is the maximum trans-

mission power at the FD-CBS, and wn is the background noise with power σ2
w.

4.3.2 System Model for the HD Scheme

Conventional CRNs employ HD schemes in cognitive small cells, where the HD-

CBS has to allocate a certain amount of time to determine the presence of PUs

before each transmission decision. Usually a transmission decision lasts for a

fixed amount time before re-evaluating the radio environment and making a

new decision. A decision period for the HD scheme consists of a sensing and

transmission period. An ON/OFF decision on transmission is made at the end

of each sensing period for the rest of the decision period. For example, Fig. 4.1(d)

shows an HD scheme with a decision period of 5 time slots, where one time slot

is used for sensing and four time slots are used for transmission. If the decision

period is a single time slot, the HD-CBS has to sense the spectrum at the start of
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every time slot. Although this reduces the probability of collision, it also reduces

the throughput when the channel is vacant for a long time. On the other hand,

if the decision period spans multiple time slots, spectrum utilization decreases

due to two types of unavoidable events. The first event is the blind collision in

which a PU starts to transmit when the HD-CBS has already started to transmit

after a sensing period and the next decision point has not yet been reached. The

second event is the blind waste in which a PU stops transmitting when the HD-

CBS has decided to remain silent after a sensing period and the next decision

point has not yet been reached. Furthermore, depending on the length of the

decision period, the HD scheme leads to additional sensing overhead because

periodic sensing interrupts data transmission.

In the rest of the chapter, we limit our analysis to the case where the HD-

CBS senses the spectrum at the beginning of each time slot and transmits for

the remaining fraction of the time slot if it senses no PU activity. The received

signal model in the HD case fits the FD model in (4.1) with β = 0, i.e., no self-

interference exists in the HD model. More explicitly, we have

zn =





wn, underH0

xn + wn, underH1

, (4.2)

where the hypothesesH0 andH1 are as defined in the FD case.

4.4 Design of Deep Reinforcement Learning-Based
Spectrum Control

Many real-world applications feature incomplete and noisy state information.

Similarly, a CBS can only observe noisy information about the presence of the

PUs as a composition of the primary signals, self-interference (in the FD scheme)

and background noise in our problem setting. In addition, the CBS does not
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Figure 4.2: Causal relationships between states, observations, actions, rewards,
and transitions of a POMDP.

posses any information about the system dynamics regarding how it evolves

over time. In this section, we formulate the spectrum control problem in CRNs as

an infinite-horizon discrete-time partially-observable Markov decision process

(POMDP), where the SUs can only observe the noisy (partial) state of the system.

A POMDP can be described by a 5-tuple (S ,O,A,R, T ), where S is the true

state of the system, O is the observable state by the CBS, A is the action space

available for the CBS, R is the reward space that is generated by the environ-

ment, and T is the transition dynamics of the system. The causal relationships

between the states, observations, actions, rewards, and transitions of a POMDP

are illustrated in Fig 4.2.

True and Observable State Space

At each time slot t, the true state of the system st ∈ S in our setup is represented

by the received complex primary signals at the CBS (without interference and

noise), which is defined as

st = {x(t)n }, n ∈ {1, . . . , N} . (4.3)

Here, N is the total number of symbols that can be transmitted in a time slot.

The observable state ot ∈ O at the CBS is the compound signals zn seen by the
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CBS, which is defined as

ot = {z(t)n }, n ∈ {1, . . . , N} . (4.4)

Action Space

The actions at ∈ A of the CBS is the transmission decisions that it makes at

every decision point, as shown in Fig. 4.1. The action of the FD-CBS is the se-

lected transmission power at = σ2
s,t ∈ [0, pmax] used to communicate with the

associated SU. For simplicity, the for the FD-CBS is quantized into discrete lev-

els for continuous action variables. The quantization noise can be mitigated by

increasing the granularity of the space. On the other hand, with an overloaded

notation, the action of the HD-CBS is a tuple at = (Ns,t, bt) consisting of the sens-

ing duration Ns,t ∈ {0, . . . , N} used to sense the wireless channel and a Boolean

transmission decision bt ∈ {0, 1}, with 0 representing the decision of being silent

and 1 representing the decision of being active.

Reward Space

In each time step, the reward is generated by the environment and acts as a

feedback to the CBS, giving partial information about the activities of PUs. For

the FD scheme, the reward rt(st, at) ∈ R = {0}∪R+ is defined as the achievable

data rate in time slot t as1

rt(st, σ2
s,t) = I{st=0} log

(
1 +

gσ2
s,t

σ2
w

)
, (4.5)

where I{st=0} is the indicator function corresponding to the hypothesisH0. Sim-

ilarly, for the HD scheme, the reward rt(st, at) is also defined as the achievable

1This reward function does not involve the self-interference term since the reward is collected
at the SU receiving the FD-CBS signals without simultaneous transmission. The self-interference
term only appears at the FD-CBS that transmits while sensing the PU activity.
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data rate in time slot t as

rt(st, Ns,t, bt) = I{st=0,bt=1} log
(

1 +
gpmax

σ2
w

)
N − Ns,t

N
. (4.6)

4.4.1 Deep Q-Learning for Selecting Best Spectrum Control Ac-
tions

The transmission behavior of the CBS is determined by a policy π : O → A.

Given the current policy π, the CBS collects the trajectory (history of observa-

tions) h = {o1, a1, r1, . . . , ot, at, rt, . . .} from the environment. The goal of the CBS

is to find a policy π∗ that maximizes the expectation of discounted accumulative

rewards in the future, given by

Rt =
∞

∑
τ=t

γτ−trτ(sτ, aτ), (4.7)

where γ ∈ [0, 1] is a discount factor that determines the importance of the future

rewards, and reflects the trade-off between the rate of collisions with the PUs

and the throughput achieved by the CBS. Small values of γ result in a myopic

policy which collects rewards as soon as possible, and therefore leads to a higher

throughput per unit time but with a higher collision rate to PUs. On the other

hand, a large value of γ gives a foresighted policy which aims to collect more

rewards in the future, and therefore results in a lower throughput per unit time

by maintaining a low collision rate to PUs.

The state-action value function, or the Q-function, of a given policy π is de-

fined as the expected future rewards of taking an action at from a state st:

Qπ(st, at) = Eh[Rt|st, at], (4.8)

where Eh [·] is the expectation operator over all possible trajectories h. The opti-

mal state-action value Q∗(st, at) is defined as the maximum reward that the CBS
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can expect to obtain over all possible policies, starting with the initial state st and

action at

Q∗(st, at) = max
π

Qπ(st, at), (4.9)

which follows the Bellman optimality equation

Q∗ (st, at) = Eh

[
rt (st, at) + γ max

at+1
Q∗ (st+1, at+1)

∣∣st, at

]
. (4.10)

Such value iteration converges to the optimal Q∗ asymptotically [53].

If the state or observable space is very large, as is in our case, a parametric

function approximator is commonly used to estimate Q∗

Q(st, at; θ) ≈ Q∗(st, at), (4.11)

where θ is the collection of all parameters of the function approximator. In par-

ticular, we use a deep neural network (DNN) as the function approximator and

minimize the loss function

J(θ) = Eh

[(
Q (st, at; θ))−Q′ (st, at, st+1, at+1; θ)

)2
]

, (4.12)

where

Q′(st, at, st+1, at+1; θ) = rt(st, at) + γQ(st+1, at+1; θ) (4.13)

is the target value for training at time slot t, and θ now contains the parameters of

the DNN approximating the Q-function, including the weights and bias terms.

We will refer to the DNN approximating the Q-function as the deep Q-learning

network. Furthermore, it is often computationally efficient to optimize the loss

function using a stochastic gradient descent algorithm on a batch of samples

collected from the environment [95].

In order to collect enough samples to explore the state space for learning

stochastic system dynamics, we will use an ε-greedy strategy [53]. If the system
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is in state st, the ε-greedy strategy either selects the best action with probability

1− ε or a random one with probability ε, i.e.,

a∗t =





arg max
at∈A

Q∗(st, at), with probability 1− ε

U(A), with probability ε

, (4.14)

where U(A) is a uniformly distributed random action chosen from the action set

A. In practice, ε usually starts with 1 and then progressively diminishes as the

estimation of Q∗ gets better.

Although the use of a non-linear function approximator, such as a DNN, for

the Q-function is not guaranteed to converge and the learning algorithm may be

unstable in theory, the use of a target network and experience replay buffer is

very effective to stabilize the algorithm in practical applications [54]. We incor-

porate this approach in our design of the DRL-SC algorithm by means of a target

network with parameters θ′ copied from the original deep Q-learning network

every K time slots, so that the target value is kept fixed for all other learning time

slots. The experience replay buffer B stores the historical trajectories for a fixed

amount of time slots, and samples are drawn randomly from this buffer to up-

date the deep Q-learning network. This is done to break the correlation between

consecutive examples obtained from the environment, which is crucial for the

stochastic gradient descent part of the DRL-SC algorithm.

4.4.2 Architecture of the DRL-SC Algorithm

In this section, we present the main building blocks of the DRL-SC algorithm

based on our discussion above. The main algorithmic framework is illustrated

in Fig. 4.3.
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Figure 4.3: The algorithmic framework for the proposed DRL-based FD/HD
spectrum control in CRN. (I) Data Collection Part; (II) Deep Q-Learning Part;

(III) Target Q′ Update Part

DRL Block

The DRL block is the main framework of the proposed algorithm, which contains

three independent threads.

• Thread I - Data Acquisition:

The CBS keeps interacting with the environment and collecting data

{ot, at, rt, ot+1, . . .}. The data (historical trajectories) is maintained in a finite-

length experience replay buffer B, which has finite capacity LB. Old data

is removed from the buffer when the capacity is reached. Therefore, LB is a

hyperparameter that controls the extent to which the CBS is able to collect

information about the primary network.

• Thread II - Deep Q-Learning:

The DRL-SC algorithm has the advantage of being an off-policy spectrum

control technique. This feature arises from the use of a deep Q-learning

network as a function approximator. Hence, the data used for training

does not necessarily come from the current policy, which makes the train-

ing phase of Thread II independent of the data collection thread (Thread

I). To be specific, the CBS takes a minibatch of random samples from the

experience replay buffer B and trains the deep Q-learning network using

the previous target value Q′ as the label.

• Thread III - Target Q′ Update:
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(a) Architecture of Q-Network for FD Scheme

(b) Architecture of Q-Network for HD Scheme
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Figure 4.4: The architecture of the deep Q-learning network for FD (a) and HD
(b) schemes.

For every K time slots, the CBS updates the parameter θ′ in the target deep

Q-learning network by copying the parameter θ from the original deep

Q-learning network to the target network. This provides stability for the

algorithm [96].

Deep Q-learning Network Block

The deep Q-learning network Q(st, at; θ) is the core component of the proposed

algorithm. Tts architecture for FD and HD schemes is shown in Fig. 4.4. For the

FD scheme, the deep Q-learning network takes a sequence of length-N arrays of

complex signals, and passes it through a convolutional neural network (CNN)

followed by an recurrent neural network (RNN) to extract features from the

input signals. The output is the prediction of the transmission power σ2
s,t ∈

[0, pmax]. The proposed deep Q-learning network for the HD scheme is simi-

lar to that of the FD scheme with the only difference being that the features from
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Table 4.1: Main hyperparameters of the Deep Q-learning network

Hyperparameter Value
Buffer Capacity LB 20, 000
Update Interval K 5

CNN Layers 3
Neurons in CNN Layers [256, 256, 512]

CNN Filter Size 1× 3
CNN Filter Stride 2

CNN Filter Padding VALID
CNN Dropout Rate 0.6

RNN Memory 4
SGD Optimizer Adam

Learning Rate 0.0001
Mini-batch Size Lm 64

the CNN are split into two streams, one for the sensing duration Ns,t and the

other for binary transmission decision bt.

DNN Hyperparameter Tuning

The main hyperparameters involved in the proposed DRL-SC algorithm are listed

in Table 4.1. As in most machine learning problems, the task of tuning the hy-

perparameters is not trivial and largely affects the performance of the algorithm.

One could use the grid-search method, where the hyperparameters are tested

with different combinations on the grid in the search region. However, the search

efficiency decreases exponentially when the number of the hyperparameters is

large. In the DRL-SC algorithm, we instead adopt the Bayesian optimization

approach [97] that can focus on promising search regions.

The complete pseudo-code for the DRL-SC algorithm is shown in Algorithm

1.
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Algorithm 1: Deep Reinforcement Learning-Based Spectrum Control
Algorithm in Cognitive Radio Networks

Input: Initialize Q, Q′, pre learning step, ε← 1, t← 0
Output: Power control policy

Exploration Stage:
1: while t ≤ pre training step do
2: Run the policy in (4.14) to obtain at
3: Collect {ot, at, rt, ot+1} and store in B
4: t← t + 1
5: end while

Learning Stage:
6: while True do
7: if ε− ∆ > 0 then
8: ε← ε− ∆
9: end if

10: Run the current policy in (4.14) to obtain at
11: Collect {ot, at, rt, ot+1} and store in B
12: Take a minibatch of {ot, at, rt, ot+1} from B
13: Compute yt in (4.13) using the target Q′

14: Update θ by minimizing the loss function in (4.12)
15: if (i mod K) = 0 then
16: Update the target network Q′, θ′ ← θ
17: end if
18: t← t + 1
19: end while

4.4.3 Complexity Analysis for the DRL-SC Algorithm

One important advantage of the proposed DRL-SC algorithm is its ability to

shift online computational loads to the learning stage, which can be conducted

during off-peak periods. Therefore, the complexity of feed-forward computa-

tions of the deep Q-learning network part of the algorithm is more critical than

those of the other parts. For the purpose of theoretical analysis, we consider a

standard fully connected neural network that consists of one input layer, L− 1

hidden layers, and one output layer. We unify the notation for all layers as

hl, l ∈ {0, 1, . . . , L− 1}. Then, in each layer, the feed-forward computation is
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given by

hl = φ (Wlhl−1) , ∀l ∈ {0, 1, . . . , L− 1} , (4.15)

where we incorporate the bias term bl into the matrix Wl. Without loss of gener-

ality, we assume that each layers has the same number of hidden units D. In each

layer, the matrix multiplication requires O(N2) operations, and the element-

wise activation function φ(·) requires O(D) operations. Therefore, the com-

putational complexity for propagating values from layer l − 1 to l is O
(

D2)+
O (D) = O

(
D2). In total, the computational complexity for feed-forward prop-

agation is O
(

LD2).

4.5 Simulation Results and Discussions

Among various spectrum sensing algorithms, the energy detection method re-

quires the least knowledge about the PUs and is applicable for on-line tasks due

to its simplicity. To have a fair comparison and to illustrate the benefits of our

proposed DRL-SC algorithm, we will consider a baseline energy detection ap-

proach for HD and FD schemes since the DRL-SC algorithm does not use any

primary network knowledge. We start with introducing the energy detection-

based spectrum sensing that we will use for comparison purposes.

4.5.1 Energy Detection-Based Spectrum Sensing

We incorporate the Neyman-Pearson test [98] as a general framework for the sta-

tistical test in the energy detection approach. The CBS is required to discriminate

betweenH0 andH1 based on the collected data.

Two probabilities are common performance metrics for spectrum sensing:

(i) probability of missed detection, Pm, which is defined as the probability of a

sensing algorithm failing to detect the presence of PU signal under H1, and (ii)
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probability of false alarm, Pf , which is defined as the probability of a sensing

algorithm falsely declaring the presence of PU signal under H0. In order to pro-

tect the PUs, Pm is usually determined by the CRN protocol, and the sensing

algorithm tries to minimize Pf to improve the secondary network throughput.

Test Statistics for HD and FD Schemes

The test statistic for energy detection is defined as

Z =
1

Ns

Ns

∑
n=1
|zn|2 , (4.16)

where 0 ≤ Ns ≤ N is the number of samples in a time slot used for energy

detection and N is the total number of the samples available in each time slot.

The following assumptions are commonly used for energy detection algorithms

[17]:

• (A1) xn, sn, wn are independent and identically distributed (i.i.d.) circularly

symmetric complex Gaussian (CSCG) random variables with mean zero

and variances σ2
x , σ2

s , and σ2
w, respectively.

• (A2) The number of collected samples Ns is large enough that a Gaussian

distribution is a good approximation for the distribution of the test statistic

around its mean.

With these assumptions, Z is a chi-squared distributed random variable with

2Ns degrees of freedom. Using the central limit theorem, the distribution of Z

can be approximated by [44]

Z ∼





N
(

βσ2
s + σ2

w,

(
βσ2

s + σ2
w
)2

Ns

)
, H0

N
(

σ2
x + βσ2

s + σ2
w,

(
σ2

x + βσ2
s + σ2

w
)2

Ns

)
, H1

, (4.17)
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where N
(
µ, σ2) is the Gaussian distribution with mean µ ∈ (−∞, ∞) and vari-

ance σ2 ∈ (0, ∞). Given a detection threshold ξ, the probability of missed detec-

tion Pm and the probability of false alarm Pf are then equal to

Pm(ξ) = Pr {Z ≤ ξ|H1}

= 1−Q
((

ξ

σ2
x + βσ2

s + σ2
w
− 1
)√

Ns

) (4.18)

and
Pf (ξ) = Pr {Z > ξ|H0}

= Q
((

ξ

σ2
x + βσ2

s + σ2
w
− 1
)√

Ns

)
,

(4.19)

where Q(·) is the complementary distribution function of the standard normal

distribution. Given a target missed detection probability P̄m by the CRN proto-

col, the decision threshold can be obtained from (4.18) as

ξ∗ =
(Q−1 (1− P̄m)√

Ns
+ 1
)(

σ2
x + βσ2

s + σ2
w

)
. (4.20)

Plugging ξ∗ into (4.19), the resulting probability of false alarm, as a function of

sensing duration Ns and transmission power σ2
s , is given as

Pf (Ns, σ2
s ) = Q

(
σ2

x
(
Q−1 (1− P̄m) +

√
Ns
)

σ2
x + βσ2

s + σ2
w

+Q−1 (1− P̄m)

)
. (4.21)

Sensing-Throughput Optimization Problem for the FD Scheme

The FD-CBS suffers from self-interference but can utilize the full time slot for

sensing the channel, i.e., β 6= 0 and Ns = N. It can be observed from (4.21) that

as the transmission power σ2
s increases, the false alarm probability Pf increases as

well. Therefore, a sensing-throughput trade-off exists between the transmission

power and the false alarm probability. Given the condition that there is no PU
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activity, we maximize the data rate that can be obtained by the FD-CBS, which is

given by

RFD(σ
2
s ) =

(
1− Pf

(
N, σ2

s

))
log
(

1 +
gσ2

s
σ2

w

)
, (4.22)

where g is the channel gain between the FD-CBS and SU. With a peak transmis-

sion power constraint pmax at the CBS, a constrained optimization problem for

the FD scheme can be formulated as

(OPT-FD) maximize
σ2

s ∈[0,pmax]
RFD(σ

2
s ). (4.23)

RFD(σ
2
s ) is generally a non-convex function. It has been shown in [17] that

there may exist a locally-optimal point in the low-power regime, and RFD(σ
2
s )

is monotonically increasing in the high power regime. However, note that a

solution of (4.23) can still be obtained using a grid search or iterative optimiza-

tion techniques [42]. To compare with our proposed deep reinforcement learn-

ing algorithm, we will take the optimum power control policy using the energy

detection-based spectrum sensing method as the solution
(
σ2

s
)∗ of the optimiza-

tion problem in (4.23).

Sensing-Throughput Optimization Problem for the HD Scheme

While an HD-CBS does not suffer from self-interference, it can only sense the

channel in a fractional amount of a time slot, i.e., β = 0 and 0 ≤ Ns ≤ N. Hence,

for the HD-CBS, we set σ2
s = pmax in (4.21), and note that as the number of sam-

ples used for energy detection increases, the false alarm probability Pf (Ns, pmax)

decreases, but the remaining time left for data transmission decreases as well.

Therefore, a sensing-throughput trade-off exists between the sensing duration

and the transmission duration in the HD scheme. Similar to the FD scheme,

given that there is no PU activity, the data rate obtained by the HD-CBS is given
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by,

RHD(Ns) =
(
1− Pf (Ns, pmax)

)
log
(

1 +
gpmax

σ2
w

)
N − Ns

N
. (4.24)

Since Ns must always be smaller than N, a constrained optimization problem for

the HD scheme can be formulated as

(OPT-HD) maximize
Ns∈{0,1,...,N}

RHD(Ns). (4.25)

Since this optimization problem only serves the purpose of comparison, devel-

oping an efficient algorithm of solving (OPT-HD) is not a priority for this paper.

Moreover, since Ns is discrete and finite, the optimal solution of (OPT-HD) al-

ways exists, and can be obtained by enumerating all possible values of RHD(Ns)

as a function of Ns.

Therefore, the optimum sensing duration N∗s for the energy detection-based

spectrum sensing method in the HD scheme will be found through exhaustive

search and the performance of the energy detection-based spectrum sensing

with this optimum value will be compared with the performance of the pro-

posed DRL-SC algorithm.

4.5.2 Simulation Settings and Performance Metrics

In the simulated system, the PU activity follows an ON and OFF pattern with

geometrically distributed holding times with means of 4 and 8 time slots, respec-

tively. Depending on each specific simulation setting, the PUs and the SUs adopt

different modulation schemes, which include QPSK, 16-QAM, and 64-QAM.

Within a single time slot, 32 symbols are transmitted. The length of the pulse-

shaping filter is 10. The maximum transmission power of the CBS is 100mW.

For the FD scheme, the self-interference cancellation factor varies from−50dB to

−20dB, which is a moderate range of values for many existing FD transceivers

[94]. We assume that the channel knowledge is perfectly known to the CBS.
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In each episode2 of the simulation, the CBS senses the channel and oppor-

tunistically transmits to the associated SU when it decides that the channel is

vacant. To protect the primary network, the maximum number of acceptable con-

secutive clashes is set to 1, since the first clash with the PU is unavoidable and

the CBS has to make a correct decision at the end of the next time slot. The max-

imum number of time slots is set to 200 for each episode, which we consider as a

good approximation for the infinite horizon reward function in (4.7) for γ ≤ 0.95.

A new episode starts if the number of consecutive clashes is 2 or the maximum

number of time slots is exceeded. The following metrics are used to evaluate the

performance of the proposed DRL-SC algorithm.

• Algorithm survival time (AST) refers to the number of the time slots before an

episode terminates. It is an important metric to assess the missed detection

probability of the spectrum control algorithms investigated. The maximum

AST is 200 in our forthcoming simulations.

• Total throughput refers to the total reward that the CBS receives in an episode.

It reflects the ability of the CBS to opportunistically transmit to the associ-

ated SU in the long run.

These performance metrics are averaged in each epoch of training, which con-

sists of 100 episodes.

For comparison purposes, the detection threshold for the energy detection

method has been set such that its probability of missed detection is aligned with

with the missed detection probability of the proposed DRL-SC algorithm. Re-

sults are also compared to a genie-aided method, which knows the true state

of the system and transmits at the maximum power whenever the channel is

vacant. This is the performance upper bound that any policy can achieve.

2An episode of a simulation refers to a complete and independent simulation instance from
the start until the simulation terminates.
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Figure 4.5: Illustration of the trajectory dynamics of the proposed DRL-SC
algorithm for FD- and HD-CRNs, with primary signal modulation of 64-QAM

and received SNR of 0dB.

4.5.3 Trajectory Dynamics of the DRL-SC Algorithm

Figure 4.5 illustrates the dynamics of the proposed DRL-SC algorithm over a sin-

gle trajectory for both FD and HD schemes. A challenging scenario, i.e., primary

signals with 64-QAM modulation and received SNR of 0dB, is set up to demon-
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strate the effectiveness of the algorithm. In the FD scheme, the noisy observa-

tions at the FD-CBS are shown in Fig. 4.5(b). Although very hard to differentiate

between the presence and absence of the PU with plain eyes, the FD-CBS run-

ning the proposed DRL-SC algorithm is able to successfully utilize the spectrum

holes to transmit even when the OFF-time of the primary signals is short, as

shown in Fig 4.5(c). In the HD scheme, the HD-CBS tends to allocate more time

for sensing when there are more PU activities, and less time when the channel

is vacant, as shown in Fig. 4.5(e) when compared with Fig. 4.5(a). In both the

FD and HD schemes, the CBS is able to adapt to the unknown radio environ-

ment and develops an effective transmission policy that opportunistically seeks

spectrum holes to transmit data. As expected, some oscillations can be observed

because the sensing performance depends on the noise, self-interference (for the

FD scheme), and the length of sensing duration (for HD scheme). However, after

training, the CBS appears to have learned how to transmit cautiously to balance

the sensing-throughput trade-off.

4.5.4 Average Performance of the DRL-SC Algorithm for FD-
CRNs

Figure 4.6 illustrates the performance the proposed DRL-SC algorithm for dif-

ferent values of SNRs and self-interference suppression factor β of the primary

signals received at the FD-CBS. The top plot in Fig. 4.6 shows the average AST

curves for the proposed algorithm for each set of parameters. We observe that

the learning curve at high SNR is relatively steep, where the average AST reaches

its maximum value after about 20 epochs of learning. At low SNR, the algo-

rithm takes more time to converge, and the steady-state value of average AST is

slightly lower. We can also observe that, in both cases, the self-interference has

a negative impact on the performance of the algorithm, which is consistent with

the fact that the observable system state is composed of self-interference on top
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Figure 4.6: Average performance of the proposed DRL-SC algorithm in
FD-CRNs with different values of SNRs of the primary signals and

self-interference suppression factor. Top figure: average algorithm survival
time (AST); Bottom figure: average total throughput of the genie-aided method,
the energy detection-based method in Section 4.5.1, and the proposed DRL-SC

algorithm.

of the true state and noise.

The bottom plot in Fig. 4.6 compares the performances of the genie-aided

method and the energy detection-based method described in Section 4.5.1 with

our proposed DRL-SC algorithm. The results show that the proposed algorithm

outperforms the energy detection-based method in all SNR cases and is very

close to the genie-aided method in the high SNR regime after 40 epochs of learn-

ing. We remark that although not shown in the figure, total reward value pro-

duced by all algorithms exhibits some variations around its mean with gradually

stabilizing first and second moments after 40 epochs of learning for the DRL-SC

algorithm.
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Figure 4.6 also demonstrates the effectiveness of using the reward discount

factor γ in (4.7) and the ε-greedy exploration strategy to avoid local minima,

especially in the low SNR regime. At the 24th epoch (indicated by the vertical

dashed line), the average AST reaches a local maximum of about 100. However,

the value of total rewards drops to a local minimum of about 200. This is because

at low SNRs, the algorithm first tries to maximize the total rewards by extending

the number of time slots of survival, i.e., keeping silent all of the time before

it realizes that the expected reward in the future diminishes if no transmission

occurs.

4.5.5 Average Performance of the DRL-SC Algorithm for HD-
CRNs

As shown in Fig. 4.4(b), the proposed DRL-SC algorithm for the HD scheme, has

two branches that correspond to the decision of sensing duration Ns,t and the de-

cision of transmission bt. We first evaluate the performance of signal recognition

(lower branch in Fig. 4.4(b)) of the proposed DRL-SC for HD-CRNs for differ-

ent lengths of sensing duration. To this end, three modulation schemes (QPSK,

16-QAM, and 64-QAM) are used under different SNRs from 0dB to 15dB with

a step-size of 1dB. In each parameter setting, 10000 positive and 10000 nega-

tive examples are generated. The positive examples represent the case where

the channel is vacant, whereas the negative examples represent the case where

the channel is occupied by primary users. In each example, the input is pre-

processed by an FFT operation on the modulated signals in the time domain,

which yields the same number of FFT samples in frequency domain. The real

and imaginary parts of the sequence are then stacked together to form a 2-D

array. Lastly, the entire training data set is further randomly separated into a

training data set and a test data set with a ratio of 70% to 30%, and is used to

train in 50 epochs with a minibatch-size of 256.
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Figure 4.7: Sensing accuracy of the proposed DRL-SC algorithm for different
modulation schemes and SNRs in the HD scheme. The mixed-modulation
curves in the figure refer to the case in which the PU chooses a modulation

scheme among QPSK, 16-QAM, and 64-QAM uniformly at random.

Figure 4.7 demonstrates the sensing accuracy of the signal recognition part of

the DRL-SC algorithm for HD-CRNs under different modulation schemes and

SNRs. We note that the sensing accuracy performance of this part of the DRL-SC

algorithm for HD-CRNs determines the sensing-throughput trade-off by affect-

ing the decisions made by the upper branch of the algorithm (i.e., see Fig. 4.4(b))

about sensing duration. As expected, the algorithm uniformly performs better

in the high SNR regime in terms of shorter sensing duration with higher sens-

ing accuracy. In addition, with low-order modulation schemes, the algorithm

exhibits better performance as well.

Figure 4.8 demonstrates the performance of the proposed DRL-SC algorithm

for different values of SNRs of the primary signals received at the HD-CBS.

Comparing with the counterpart in the FD case, the algorithm exhibits a similar

performance pattern, but converges faster. This figure also indicates that the pro-

posed DRL-SC algorithm outperforms the energy detection method in the HD

scheme. More interestingly, due to the faster learning dynamics, the DRL-SC



4.5 Simulation Results and Discussions 83

Figure 4.8: Performance of the proposed DRL-SC algorithm in HD-CRNs with
different values of SNRs of the primary signals. Top figure: average algorithm

survival time (AST); Bottom figure: total throughput of the genie-aided
method, the energy detection-based method in Section 4.5.1, and the proposed

DRL-SC algorithm.

algorithm starts to perform better than the energy detection method only after

a few training epochs, both in the low SNR and high SNR regimes. It is impor-

tant to note that the training time after which the proposed DRL-SC algorithm

performs better than the energy detection method can be as large as 40 epochs

in the FD scheme. Comparing with Fig. 4.6, the proposed DRL-SC algorithm for

the FD scheme outperforms the HD scheme in terms of total throughput. This is

consistent with the fact that the FD scheme is not limited by channel availabil-

ity, thereby sensing at all times and allowing for improved sensing accuracy and

more opportunistic transmission compared to the HD scheme. Note that at low

SNR, the high self-interference FD case has a very small throughput increase on
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Figure 4.9: Illustration of the sensing-throughput trade-off of the DRL-SC
algorithm in HD-CRNs with different values of the discount factor γ when

SNR = 10 dB. Top figure: reward per time slot; Bottom figure: sensing duration
as a a percentage per time slot.

the HD case due to significant noise plus interference limiting the sensing per-

formance.

Finally, Fig. 4.9 illustrates the sensing-throughput trade-off of the DRL-SC

algorithm in HD-CRNs when the received SNR of the PU signals is set to 10

dB. The trade-off is indirectly controlled by the discount factor γ. Lower values

of γ give more weight on recent rewards and hence encourage the learner (the

HD-CBS) to obtain a higher reward per time slot by reducing the sensing du-

ration, resulting in a higher probability of collisions with the PU. On the other

hand, higher values of γ give more weight on future rewards and encourage

the learner to avoid collisions with the PU by increasing the sensing duration,
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resulting in a lower reward per time slot.

4.6 Conclusion

In this paper, we have studied a deep reinforcement learning-based joint spec-

trum sensing and sharing algorithm in order to efficiently use spectrum holes in

both HD- and FD-CRNs. Extensive simulations have demonstrated the promis-

ing performance of the proposed DRL-SC algorithm, which can adapt to the

dynamics of the unknown radio environment and identify the activity patterns

of the PUs in the presence of noise and self-interference better than classical en-

ergy detection techniques. Results also showed the proposed FD scheme outper-

formed the HD scheme due to the ability to sense the environment at all times.

An important feature of the proposed DRL-SC algorithm is that it enables the

CBS to utilize the spectrum holes efficiently without any a priori knowledge of

the PUs both in HD- and FD-CRNs. The other well-known techniques of spec-

trum sensing such as cyclostationary-based sensing and waveform-based sens-

ing, on the other hand, either require some knowledge of primary network activ-

ity patterns such as modulation type and carrier frequency or periodicity struc-

ture of the PU signals. Hence, when compared to them, our proposed algorithm

has the advantage of learning primary network features to detect spectrum holes

real-time from the raw primary network data. Furthermore, it extracts these fea-

tures by off-loading most of the computations to the training stage to make the

on-line execution feasible and faster. More generally, our results indicate that

the reinforcement learning approach presents a promising tool to unlock the po-

tential of CRNs to efficiently share frequency spectrum between primary and

secondary networks, as well as improving the trade-off between sensing and

throughput in CRNs. This is especially attractive in the case of heterogeneous

CRNs, where deep reinforcement learning approach can automatically adapt to

different signal fingerprints without hand-engineered feature extraction.





5
End-to-End Deep Learning-Based

Compressive Spectrum Sensing in

Cognitive Radio Networks

5.1 Introduction

With the exploding growth of smart user devices, Internet of Things (IoT), and

self-driving cars, spectrum scarcity has become one of the major challenges in the

fifth generation (5G) of wireless communication networks. Cognitive radio has

been a promising technology to boost spectrum utility by enabling unlicensed

users to opportunistically exploit spectrum holes in licensed bands with mini-

87
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mum interference to primary user (PU) [15]. One of the key enablers of cognitive

radio is the ability of sensing spectrum holes in an unknown environment, pos-

sibly consisting of multiple primary networks, so as to exploit the unused part

of the spectrum.

A large amount of existing work in the literature of spectrum sensing in

cognitive radio networks (CRNs) has been focusing on narrowband spectrum

sensing, where a secondary user (SU) monitors only a single slice of the spec-

trum [45]. However, in a practical CRN, wideband spectrum sensing is usually

required because a SU needs to monitor multiple bands of the spectrum so as to

explore more spectrum opportunities in a wide frequency range. One simple ap-

proach is to use a narrowband sensing technique to sweep the entire spectrum.

But this approach introduces a various amount of delays to the system, depend-

ing on the sweeping frequency range. Another approach is to deploy a sensing

agent for each frequency band and simultaneously monitor them, but this ap-

proach has a very high deployment cost. A more direct approach is to sample the

incoming signals at the Nyquist rate and recover the spectrum, which requires

complex and expensive analog-to-digital circuitry operating at a very high sam-

pling rate. Different from the aforementioned approaches, compressive sensing

is a more practical approach with the benefit of monitoring a wideband spectrum

with low latency, low complexity, and low sampling rate.

The theory of compressive sensing states that, under the assumptions of sig-

nal sparsity and incoherent sampling, signals can be recovered from much fewer

samples than conventional Nyquist-rate approaches [99]. Intuitively, many natu-

ral signals lie on a low-dimensional manifold in a high-dimensional space. Con-

sequently, their information rates are much lower than their Nyquist sampling

rates, or equivalently, these signals are compressible. As wideband wireless sig-

nals are inherently sparse in the frequency domain due to spectrum segmen-

tation and low utilization, compressive spectrum sensing becomes a promising

paradigm to realize practical wideband sensing at a sub-Nyquist sampling rate,
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as recognized by a previous work [100].

With fast development of the theory of machine learning and computing

power, deep learning has shown a powerful capability to discover complex mod-

els from raw training data without the need of extracting hand-crafted features

first [11]. Generative adversarial networks (GANs) are a breed of deep learn-

ing models that include a pair of competing deep neural networks: a generative

neural network is to learn the probability distribution of the data and generate

fictitious examples, whereas an adversarial neural network is to discriminate the

fictitious examples against the true data from the model from which it learns.

This adversarial framework drives both neural networks to continuously im-

prove themselves until the generated examples and the real data are indistin-

guishable [55].

Inspired by the successful applications of GAN in image restoration, such as

super-resolution [57] and inpainting [56], we propose a deep compressive spec-

trum sensing GAN (DCSS-GAN) that learns the low-dimensional manifold of a

wideband spectrum from the undersampled training signals. Our contributions

are as follows.

• To the best of our knowledge, this is the first work that is proposed to use

a deep learning approach to solve compressive sensing problems in CRNs.

• The proposed DCSS-GAN is a true end-to-end learning algorithm in the

sense that it does not require hand-crafted features of the input data a priori,

and it can directly predict spectrum occupancy without needing energy

detection.

• Our simulation results show that the proposed algorithm has an 12.3% to

16.2% performance gain on prediction accuracy at a low compression ratio1

compared to a conventional approach
1The compression ratio is defined as the ratio of the compressed sampling rate and the con-

ventionally required Nyquist sampling rate.
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5.2 Related Work

A compressive sensing problem is essentially solving an ill-posed linear sys-

tem where the solution is not unique and includes infinitely many candidates.

Among all the solutions, we are interested in the sparsest one, which is an NP-

hard problem that requires an exhaustive search [99]. In an ideal (noise-free)

setting, basic pursuit [101] approximates the solution by casting the problem as

a linear program. In a realistic setting, where the measurements are noisy, the

LASSO method [102] finds the sparsest solution with a bounded error. Alter-

natively, many other heuristic greedy algorithms, such as greedy pursuit, or-

thogonal matching pursuit, and gradient pursuit [100] can be used to solve the

problem in an iterative fashion. All of these conventional methods exploit spe-

cific properties of the signals, and are not be able to adapt to the dynamics of the

environment, which is the nature of real-world spectrum occupancy.

The authors in [103] proposed a regression-based machine learning algo-

rithm to estimate the wideband spectrum occupancy. However, similar to many

other classical machine learning approaches, their proposed algorithm requires

extracting hand-crafted features in the training data first so as to fit into a regres-

sion algorithm, such as linear regression or a support-vector machine.

In recent years, modern machine learning has been increasingly applied to

the domain of image processing. GAN has received a great amount of attention

since its first debut in [55], especially in the context of image processing [56, 57].

In the context of cognitive radio, the authors in [104] use GAN to augment the

training data so as to increase the sensing accuracy for a narrowband cognitive

radio system.

In this paper, we employ GAN and propose a DCSS-GAN algorithm to learn

the occupancy of a wideband spectrum in CRNs. To this end, three neural net-

works, consisting of a generator, a discriminator, and a classifier, are used to

learn the manifold of the spectrum of the undersampled input signals. Specifi-
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Figure 5.1: A cognitive small cell coexisting with satellite, cellular, and TV
coverage.

cally, the generator generates a spectrum from the input data, whereas the dis-

criminator predicts the probability of the generated spectrum data being alias-

free and reinforces the learning of the generator. The classifier, which is con-

nected to the generator, classifies the occupancy of each spectrum block as a

multi-label classification problem. These neural networks are first trained by a

given training dataset, and then can be deployed as a wideband spectrum sens-

ing agent.

5.3 System and Signal Models

5.3.1 System Model

As shown in Fig. 5.1, we consider a wideband downlink cognitive radio small

cell that coexists with heterogeneous primary networks that are licensed to use

different frequency bands in a wide range of the spectrum from Fa to Fb. We

assume that the spectrum occupied by the primary networks is under-utilized

with an unknown pattern of occupancy. We further assume that each primary
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network occupies a non-overlapping block of B consecutive frequency bands,

with a guarding block of Bg frequency bands. The task of the cognitive base

station (CBS) is to monitor the wideband spectrum so as to locate spectrum op-

portunities to transmit data to the associated users.

5.3.2 Signal model

Denote r(t) ∈ C be a complex baseband signal received at the CBS at time t,

which we model as

r(t) = s(t) + w(t), (5.1)

where s(t) is the composite PU signal from different sources, which includes the

effects of fading, shadowing, and path loss and w(t) is the background noise. Let

the sensing window be [0, nT), where T = 1/(2Fb). We denote all the samples

of r(t), s(t) and w(t) in the sensing window at the Nyquist sampling rate 2Fb as

a vector rrr, sss, www ∈ Cn, respectively. Denote xxx , FFFsss as the n-point DFT of sss, and

ζζζ , FFFwww as the n-point DFT of www, where FFFn×n is the DFT matrix. If the signal

r(t) is sampled at a sub-Nyquist rate, the relationship between the spectrum xxx

and the undersampled measurements yyy ∈ Cm, where m ≤ n, is given by

yyy = ΨΨΨrrr = ΨΨΨFFF−1 (xxx + ζζζ) = ΦΦΦ (xxx + ζζζ) , (5.2)

where ΨΨΨm×n is a random row-selection matrix, and ΦΦΦm×n , ΨFΨFΨF−1 is called a

sensing matrix. Denote x̃̃x̃x , ΦΦΦ†yyy, where ΦΦΦ† is the pseudo inverse of ΦΦΦ. At a

sub-Nyquist sampling rate, x̃̃x̃x is contaminated by aliased artifacts and additive

noise. In general, solving for xxx given yyy in (5.2) is an ill-posed problem, since there

are an infinite number of solutions for xxx. The task of the compressive sensing

problem in the proposed DCSS-GAN is to recover the clean spectrum xxx from the

undersampled input yyy via x̃̃x̃x.
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Figure 5.2: Architecture and configurations of the neural networks in the
proposed DCSS-GAN. k: kernel size; n: number of convolutional filters; s:

stride size.

5.4 The Proposed Deep Compressive Spectrum Sens-
ing GAN

We first describe the training procedure of the proposed DCSS-GAN algorithm.

As shown in Fig. 5.2(a), the proposed DCSS-GAN consists of three deep neu-

ral networks: a generator, a discriminator, and a classifier. Denote the training

dataset as X ,
{
(xxx(i), x̃̃x̃x(i))

}N

i=1
, where the superscript (i) denotes the ith pair of

a clean spectrum xxx and a contaminated spectrum x̃̃x̃x. In each iteration of training,

the generator first learns a function x̂̂x̂x = G(xxx, x̃̃x̃x; ΘΘΘg) ∈ Cn that maps the con-

taminated spectrum x̃̃x̃x to a clean spectrum x̂̂x̂x. Then, the discriminator learns a

function D(xxx, x̂̂x̂x; ΘΘΘd) ∈ [0, 1] that evaluates the authenticity of x̂̂x̂x generated by the
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generator by predicting the probability of x̂̂x̂x being noise and alias-free. Lastly, in

replacement of an energy detector, the classifier zzz = C(x̂̂x̂x; ΘΘΘc) classifies the occu-

pancy of each spectrum block as a multi-label classification problem, where its

output zzz is a vector of probabilities of each spectrum block being occupied. The

generator and the discriminator continuously pit against each other until the au-

thenticity of the generated spectrum is indistinguishable by the discriminator.

The training details of the three neural networks in the proposed DCSS-GAN

are described as follows.

5.4.1 Training of the Generator

The configuration of the generator is shown in Fig. 5.2(b). In order to signifi-

cantly increase the representational capacity of the generator while keeping the

network training feasible, we adopt eight deep ResNet blocks as proposed in

[105]. Each ResNet consists of one convolutional layer of 64 convolutional fil-

ters each with a 3× 3 kernel. We also apply a batch normalization layer and a

ReLU activation layer after each convolutional layer to stabilize the training of

the deep convolutional GAN, as suggested in [56].

The objective of the generator is to confuse the discriminator by generating

clean spectrum from alias-contaminated undersampled inputs. Let the label for

xxx be 1 and the label for x̃̃x̃x be 0. Given the training datasetX and the parameters of

the discriminator ΘΘΘd, the loss function of the generator Lg(ΘΘΘg|X ; ΘΘΘd) is defined

as

Lg(ΘΘΘg|X ; ΘΘΘd) , EX
[
λ
∥∥xxx− G(x̃̃x̃x; ΘΘΘg)

∥∥
1

]
+ EX

[
log(1−D(G(x̃̃x̃x; ΘΘΘg)|ΘΘΘd))

]
,

(5.3)

where λ is the weight of the spectrum reconstruction and the `1-norm in the first

term on the right-hand side of (5.3) promotes the sparsity of the solution [99].

The second term captures the loss of not being able to confuse the discriminator,
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i.e., when the output of D(G(x̃̃x̃x; ΘΘΘg)|ΘΘΘd) being close to 0. The generator can be

trained by optimizing

Θ̂ΘΘg = arg min
ΘΘΘg

Lg
(
ΘΘΘg|X ; ΘΘΘd

)
. (5.4)

5.4.2 Training of the Discriminator

As shown in Fig. 5.2(c), the discriminator consists of four convolutional layers,

each with 128 convolutional filters with a 3× 3 kernel. A batch normalization

layer and a leaky ReLU activation layer are applied after each convolutional

layer, followed by a dense layer and a sigmoid activation, which returns the

probability of the input spectrum being clean.

Given the the training dataset X and the parameter of the generator ΘΘΘg, the

loss function of the discriminator Ld(ΘΘΘd|X , ΘΘΘg) is defined as

Ld(ΘΘΘd|X , ΘΘΘg) , −EX [logD(xxx; ΘΘΘd)]− EX
[
log(1−D(G(x̃̃x̃x; ΘΘΘg); ΘΘΘd))

]
, (5.5)

where the first term on the right hand side of (5.5) captures the loss when the

output of D(xxx; ΘΘΘd) is near 0 but the label for xxx is 1, the second term captures

the loss when the output of D(G(x̃̃x̃x; ΘΘΘg); ΘΘΘd)) is near 0 but the label for x̃̃x̃x is 0,

and the logarithmic operator heavily penalizes the predictions that are far away

from the correct labels. One can verify that the loss function in (5.5) is the cross

entropy between the training dataset X and the predictions from the discrimina-

tor, which is a commonly used loss function for binary classification [106]. The

discriminator can be trained by optimizing

Θ̂ΘΘd = arg min
ΘΘΘd

Ld
(
ΘΘΘd|X ; ΘΘΘg

)
. (5.6)
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5.4.3 Training of the Classifier

The last stage of each iteration of training is to train the classifier that predicts the

occupancy of each frequency band given the reconstructed spectrum x̂̂x̂x. This is

essentially a multi-label classification problem, where the label (i.e., occupancy

of each frequency band) is not mutually exclusive.

The architecture of the classifier is shown in Fig. 5.2(d), which consists of

six convolutional layers, each followed by a max pooling layer, that are stacked

on top of each other. Each convolutional layer has 64 convolutional filters each

with a 3× 3 kernel. After a dense layer with a sigmoid activation function, the

classifier predicts the probability of the occupancy of each spectrum block in-

dependently. Let 1s(xxx) be the indicator function of the spectrum occupancy for

the spectrum block s, which is 1 if the spectrum block s is occupied and 0 other-

wise. Given the training examples X and the parameter of the generator ΘΘΘg, the

loss function of the classifier C is the average loss of all independent frequency

bands, which is defined as

Lc(ΘΘΘc|X ; ΘΘΘg) , EX

[
− 1

S

S

∑
s=1

log(|1s(xxx)− Cs(G(x̃̃x̃x; ΘΘΘg); ΘΘΘc)|)
]

, (5.7)

where S is the number of the spectrum blocks and Cs(·) is the sth element of the

output of C(·). The classifier C can be trained by optimizing

Θ̂ΘΘc = arg min
ΘΘΘc

Lc(ΘΘΘc|X ; ΘΘΘg). (5.8)
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Algorithm 1: Training of the Deep Compressive Sensing Generative
Adversarial Networks (DCSS-GAN) Algorithm

Input: Training dataset
{
(xxx(i), x̃̃x̃x(i))

}N

i=1
; Number of epochs E; Batch size M;

Learning rates αd, αg, and αc; `1 weight λ;

Output: Wideband spectrum occupancy

Initialization:

1: Randomly initialize ΘΘΘd, ΘΘΘg, and ΘΘΘc

Training:

2: for e from 1 to ≤ E do

3: for b from 1 to ≤ bN/Mc do

4: Randomly sample a minibatch of M training examples from {(xxxi, x̃̃x̃xi)}N
i=1

without replacement

Update the discriminator D:

5: Keep ΘΘΘg fixed and update the discriminator D(ΘΘΘd) by stochastic gradi-

ent descent with learning rate αd:

∇ΘΘΘd
1
M

M
∑

i=1

[
− logD(xxx(i); ΘΘΘd)− log(1−D(G(x̃̃x̃x(i); ΘΘΘg); ΘΘΘd))

]

Update the generator G:

6: Keep ΘΘΘd fixed and update the generator G(ΘΘΘg) by stochastic gradient

descent with learning rate αg:

∇ΘΘΘg

1
M

M

∑
i=1

[λ||xxx(i) − G(x̃̃x̃x(i); ΘΘΘg)||1+

log(1−D(G(x̃̃x̃x(i); ΘΘΘg)|ΘΘΘd))]

Update the classifier C:

7: Keep ΘΘΘg fixed and update the classifier C(ΘΘΘc) by stochastic gradient

descent with learning rate αc:

∇ΘΘΘc
1
M

M
∑

i=1

[
− 1

S

S
∑

s=1
log(|1s(xxx(i))− Cs(G(x̃̃x̃x(i); ΘΘΘg); ΘΘΘc)|)

]

8: end for

9: end for
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5.4.4 Adversarial Training of Generator and Discriminator

Flipping the signs of the terms in (5.5) and then combining (5.6) with (5.4), the

generator G and the discriminator D play a two-player min-max game to solve

the following optimization problem

min
ΘΘΘg

max
ΘΘΘd

EX
[
λ
∥∥xxx− G(x̃̃x̃x; ΘΘΘg)

∥∥
1

]
+ EX [logD(xxx; ΘΘΘd)] +

EX
[
log(1−D(G(x̃̃x̃x; ΘΘΘg); ΘΘΘd))

]
,

(5.9)

which can be solved by alternatively updating the generator and the discrim-

inator, as shown in Algorithm 1. In the initialization stage, all parameters in

the proposed DCSS-GAN are randomly initialized. Then in each epoch of train-

ing, the discriminator, the generator, and the classifier are sequentially updated

by employing the Adam optimizer [95] on mini-batches of the training dataset.

The algorithm terminates when the losses of the generator and the discriminator

converge.

5.4.5 Algorithm Deployment

LNA

PN Sequence
fCLK = 2Fb

r(t)

[Fa, Fb]

fs

y2
y1

y3

ym

DCSS-GAN

Modulated Wideband Converter

x̃̃x̃x
ΦΦΦ†yyy xxx

Figure 5.3: Interface of DCSS-GAN to a modulated wideband converter in [98].

In practice, yyy can be obtained by mixing the received signal r(t) with a unique

pseudo-random (PN) sequence in m parallel branches, and then sampling at

a sub-Nyquist rate fs, as shown in Fig. 5.3. Intuitively, the mixing operation
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spreads the entire spectrum of r(t) so that after a low-pass filter in each branch,

the output is a narrowband copy of the signal that contains energy from all the

other bands, and each PN sequence can be viewed as one row in the sensing

matrix ΦΦΦ [107]. Once the proposed DCSS-GAN is trained, the pseudo inverse of

the undersampled measurements x̃̃x̃x is fed into the generator of the DCSS-GAN

to obtain an estimation of the spectrum occupancy.

5.5 Simulation Results and Discussions

5.5.1 Baseline Analysis

When the undersampled measurements are noise-free, i.e., ζζζ = 0 in (5.2), among

all xxx for yyy = ΦΦΦxxx, we pick the solution that has the sparsest entries. Then, the

solution can be obtained by solving the following convex optimization problem

maximize
xxx

‖xxx‖1

subject to yyy = ΦΦΦxxx.
(5.10)

The optimization problem in (5.10) is generally NP-hard to solve. However,

since the sensing matrix ΦΦΦ manifests itself as a Fourier ensemble, which is ob-

tained by randomly selecting rows form the IDFT matrix FFF−1, ΦΦΦ satisfies the

restricted isometry property (RIP) [108]. Intuitively, when this property holds,

every k columns of the sensing matrix ΦΦΦ are nearly orthogonal. With this ad-

ditional assumption, (5.10) can be reformulated as a linear programming prob-

lem, and its solution gives an accurate reconstruction of the original signal with

m = O(k log(n/k)) measurements [99].

If the undersampled measurements are noisy, i.e., ζζζ > 0 in (5.2), then, (5.10)
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can be relaxed as
minimize

xxx
‖xxx‖1

subject to ‖yyy−ΦΦΦxxx‖2 ≤ ε,
(5.11)

where ε is a pre-defined parameter that bounds the amount of noise in the mea-

surements. Clearly, the noise power is required as a priori information so as

to derive the optimal value of ε. This problem can be solved efficiently by the

LASSO method [102], which we will use as the baseline to demonstrate the ef-

fectiveness of our proposed DCSS-GAN.

5.5.2 Simulation Settings

To evaluate the performance of the proposed DCSS-GAN algorithm, we consider

8 heterogeneous primary networks that occupy a wideband spectrum consisting

of 256 frequency bands. Each primary network randomly occupies a block of

B = 5 adjacent frequency bands and a guard block of Bg = 2 frequency bands

(one band on each side). In each training pair (xxx(i), x̃̃x̃x(i)), the clean spectrum xxx(i)

is generated by randomly allocating frequency bands for these 8 blocks without

overlapping, and each block has a uniformly distributed random amplitude be-

tween 0.5 and 1. To generate x̃̃x̃x(i), we first obtain the undersampled and noisy

yyy(i) = ΦΦΦ(i)(xxx(i) + ζζζ(i)), where each sensing matrix ΦΦΦ(i) is generated by randomly

choosing m rows from the 512-point IDFT matrix, and ζζζ(i) is the noise with var-

ious sensing signal-to-noise ratios (SNRs) for comparison purposes. The com-

pression ratio is then m/n, where the Nyquist sampling rate is n = 512. The

contaminated spectrum x̃̃x̃x(i) is then obtained by
(

ΦΦΦ(i)
)†

yyy(i). The training dataset
{
(xxx(i), x̃̃x̃x(i))

}5120

i=1
consists of 5120 training pairs.

We remark that the training dataset only covers a small part of the possible

combinatorial search space (i.e., the number of possible combinations of selected

frequency blocks is significantly larger than the number of training examples).

The evaluation dataset is independently generated in the same manner in order
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to evaluate the proposed DCSS-GAN’s ability to generalize to arbitrary band

locations.

The proposed DCSS-GAN is trained by the Adam optimizer with the learn-

ing rates αd = 10−3, αg = 10−7 and αc = 10−2 for the discriminator, the gen-

erator, and the classifier, respectively. The learning rates decay by an order of

magnitude after every 50 epochs of training. The size of each minibatch is 32.

5.5.3 Effectiveness of the Adversarial Training

Figure 5.4: Training losses of DCSS-GAN with SNR = 20dB and the
compression ratio m/n = 1/8.

First, we demonstrate the effectiveness of the adversarial training of the pro-

posed DCSS-GAN in reconstructing the spectrum from undersampled measure-

ments. Fig. 5.4 shows the evolution of the loss functions during the adversarial

training. At the early stage of the training, the discriminator can well differenti-

ate between the true spectrum xxx and the generated spectrum x̃̃x̃x, because the fea-

tures of x̃̃x̃x are significantly different from the xxx. The performance of the generator

steadily improves given by the evidence that the adversarial loss continuously
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decreases. After about 85 epochs of training, the generator is capable enough to

confuse the discriminator by creating a more legitimate spectrum x̂̂x̂x that is close

to the true spectrum. The adversarial interaction between the generator and the

discriminator keeps pushing down the `1 loss to the equilibrium state.

5.5.4 End-to-End Performance

Actual Spectrum Occupancy

Occupied (+) Vacant (−)
Spectrum

Prediction

Occupied (+) True Positive NTP False Positive NFP

Vacant (−) False Negative NFN True Negative NTN

Table 5.1: Definitions of NTP, NFN, NFP, and NTN.

Incorporating the multi-label classification part, we demonstrate the performance

of the proposed DCSS-GAN compared to the LASSO algorithm that uses an en-

ergy detector. Performance is measured in terms of receiver operating character-

istics (ROC) and the area under the curve (AUC), which are two common metrics

in machine learning to measure how well an algorithm is capable of distinguish-

ing between labels [109]. The ROC curves are plotted with the true positive rate

(TPR) against the false positive rate (FPR). The TPR and the FPR is defined as

TPR =
NTP

NTP + NFN
, and FPR =

NFP

NFP + NTN
, (5.12)

respectively, where NTP, NFN, NFP, and NTN are defined in Table 5.1. The AUC

value indicates the possibility that an algorithm can successfully predict the oc-

cupancy of the spectrum.
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Figure 5.5: The ROC curves and AUC values of the DCSS-GAN and the LASSO
algorithms when SNR is 20dB and 0dB, respectively, and the compression ratio

m/n = 1/8. The plot is the average performance based on 1000 different
evaluation instances outside the training dataset.

Figure 5.5 shows the ROC curves of the proposed DCSS-GAN and the LASSO

algorithm with SNR of 20dB and 0db, respectively, and the compression ration

m/n is 1/8. The plot is the average performance based on 1000 new evaluation

instances outside the training dataset. The simulation shows that the proposed

DCSS-GAN has a higher probability of successful prediction as indicated by the

AUC values both when SNR is 20dB and 0dB, showing an 12.3% and a 16.2%

performance gain, respectively.

Figure 5.6 visualizes the performance of the proposed DCSS-GAN and LASSO

recovering the same instance of spectrum with different compression ratios (m/n).

In the first column of the figure, the LASSO and the DCSS-GAN have compara-

tive performance due to the fact that the sampling rate of 1/2 is somewhat close

to the Nyquist sampling rate. When the sampling rate reduces, the DCSS-GAN

approach demonstrates higher accuracy of prediction than the LASSO does.
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Figure 5.6: The performance of the DCSS-GAN and the LASSO algorithm
recovering the same instance of spectrum with different compression ratios and
when SNR = 20dB. Top row: the input, i.e., the spectrum of the undersampled

signals; Middle row: the recovered spectrum by LASSO; Bottom row: the
recover spectrum by DCSS-GAN. All plots are complemented by the target

spectrum indicated by the dashed line.

5.6 Conclusion

In this paper, we have utilized a deep learning generative adversarial network

approach to recover the spectrum occupancy pattern from sub-Nyquist sampled

data for CRNs. The proposed approach shows performance gains up to 14% in

terms of predicting spectrum occupancy when compared with the conventional

approaches. As an added advantage, our proposed algorithm does not need to

know the statistics of the unknown radio environment to achieve these gains.

We have observed that the architecture of the neural network employed in our

DCSS-GAN largely determine the performance of the algorithm, which will be

further investigated in the future.
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Deep Reinforcement Learning-Based

Topology Optimization for

Self-Organized Wireless Sensor

Networks

6.1 Introduction

The Internet of Things (IoT) has emerged as a new communication paradigm

where a huge number of heterogeneous physical sensing devices are seamlessly

interconnected to autonomously collect information without human aid. Being

105
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Topology A Topology B

Gateway Aggregation Sensor End Sensor

Figure 6.1: Two possible tree topologies of a WSN, rooted at the gateway.

the foundation of IoT, wireless sensor networks (WSNs) collect sensing data and

forward the data to the core network for further processing. With the advent of

the fifth generation (5G) of wireless communication networks, WSNs are envi-

sioned to be truly ubiquitous, reliable, scalable, and energy-efficient [5]. To this

end, a framework of Self-Organized Things was first introduced in [59], where

the sensors undergo automatic configurations to maintain connectivity and cov-

erage, reduce energy consumption, and prolong network lifetime.

In a typical WSN, wireless sensors continuously monitor the environment

and periodically generate a small amount of data. The data needs to be for-

warded to another sensor for data aggregation or directly transmitted to the

gateway. Since the sensors are generally battery-powered, energy efficiency is a

prominent need to prolong the lifetime of the network, especially for low-power

wide-area networks [110]. The major part of the energy stored in a sensor is con-

sumed during data transmission, and this required energy increases exponen-

tially with the required transmission distance [111]. Therefore, a multi-hop tree

topology, rooted at the gateway, has the advantage of reducing the per-sensor

energy consumption, especially for sensors at the edge of the WSN. In addition,

tree topologies eliminate the cost of maintaining a routing table at each sensor,

when compared to mesh topologies.

Figure 6.1 shows two possible tree topologies of a WSN rooted at the gate-
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way. Finding the optimal tree topology in terms of energy efficiency in a WSN

is combinatorial in nature and NP-hard to solve [112]. In addition, because the

number of connected devices in an IoT system is usually very large, achieving

the optimal network configuration is very challenging due to the tremendously

large search space of all possible topology configurations. Most of the existing

work in the literature leverage properties of a specific network model to heuris-

tically reduce the number of potential search candidates. However, with the

growing heterogeneity of WSNs in the 5G era, a unified topology optimization

framework is desirable so as to seamlessly utilize various IoT technologies and

adapt to the dynamics of the environment.

In this paper, inspired by the success of deep learning achieving human-

level proficiency in many challenging domains, we propose a deep reinforce-

ment learning-based topology control (DRL-TC) algorithm as a generic approach

to optimize the network topology for energy-efficient WSNs in the face of het-

erogeneity and uncertainties in the networks, without relying on any domain

knowledge beyond the topology rules. To be specific, the proposed DRL-TC

employs the framework of deep reinforcement learning (DRL) with a Monte

Carlo tree search (MCTS) to sequentially construct the network according to pre-

defined topology rules. A deep neural network (DNN) is trained to predict the

energy consumption of a partially-built topology and guides the MCTS to roll

out the remaining steps in more promising areas in the search space. In return,

the search results from the MCTS reinforce the learning of the DNN to obtain a

more accurate prediction in the next iteration. Our contributions are:

• We propose a novel and generic DRL-TC algorithm to determine a near-

optimal topology for WSNs in terms of energy efficiency without relying

on specific domain knowledge beyond topology rules.

• The proposed algorithm is a statistical anytime algorithm1 that is capable

1An anytime algorithm continuously returns valid solutions before it ends. It can also resume
at anytime without restarting from scratch.
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of adapting to the dynamics of the environment (including possible unex-

pected network changes) and re-configuring the network accordingly.

• Various simulation results show that the proposed DRL-TC outperforms

other heuristic approaches to a large extent.

6.2 Related Work

Different from cellular networks, networks of IoT devices generate less amount

of data without bursts in a much longer time. Instead of maximizing the net-

work throughput, the objective of an IoT-WSN may be to minimize energy con-

sumption in order to maximize the network lifetime, subject to the constraints of

coverage and reliability [110].

In the literature, LEACH in [113] and its many variants belong to the class of

distributed and cluster-based algorithms where a local cluster of sensors elects

a cluster head at a time to aggregate the data and forwards the aggregated data

to the gateway. LEACH periodically rotates the role of cluster head depend-

ing on the residual energy of the sensors in each cluster. It has the advantages

of scalability and ease of implementation, but requires the sensors constantly

exchanging information with each other, which introduce an extra amount of

energy consumption at each sensor. Similarly, the authors in [114] proposed a

joint clustering and routing algorithm for reliable and efficient data collection

in large-scale WSNs. The authors in [115] considered the case of non-uniform

traffic distribution and propose an uneven cluster formation scheme for load

balancing and energy efficiency.

On the other hand, centralized algorithms relieve the burden of end sensor

computations, but generally have high computing complexity. In order to re-

duce this complexity while maximizing a WSN’s lifetime, the authors in [116]

proposed a load balancing approach which randomly switches some sensors
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from their original paths to other paths with a lower load. The authors in [117]

proposed a tree-based algorithm with a set of heuristic rules to construct a tree

topology in multi-hop WSNs. In [118], the authors reduced the search space of

tree topologies by dividing the network into on-demand data collection zones

and routes.

With the fast development of the theory and practice of deep learning, deep

reinforcement learning (DRL) has become a powerful paradigm in many areas

of wireless communication, such as network optimization, resource allocation,

and radio control [12]. Integrating DRL with MCTS, AlphaGo Zero from Google

demonstrated exceedingly superhuman proficiency in playing the game of Go

[65]. DRL-MCTS is a very powerful framework for solving the problems where

sequential decisions are required to achieve a final outcome, which usually result

in an NP-hard problem with a huge decision space to be searched.

The study of DRL-MCTS in the context of wireless communication is very

limited. In this paper, we employ DRL-MCTS for the topology optimization in

WSNs and propose a deep reinforcement learning-based topology control (DRL-

TC) algorithm to sequentially construct the topology of a WSN with the objective

of minimizing the energy consumption at each sensor.

6.3 System Model and Problem Formulation

6.3.1 System Model

We consider the uplink of a WSN consisting of IoT devices that collects raw data

and forwards the collected data to the core network. As shown in Fig. 6.2, the

WSN has a single gateway v0, and N − 1 sensors {v1, v2, . . . , vN−1}. Denoting

V = {v0, v1, . . . , vN−1} as the set of all vertices, and E as the set of directed
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vi
gvi

vj

v0

gvj

Symbol Meaning

v0 base station
vi sensor node

C(vi) child nodes of vi
δ(U) set of edges pointing out of U
Rvi data generated at node vi
gvi data aggregated at node vi
a(·) aggregating function
ǫPvi energy dissipation per bit of processing
ǫTx
vi energy dissipation per bit of transmission
ρ power amplification constant

dvi,vj Euclidean distance betwwen vi and vj
Evi total energy of sensor vi
evi energy consumption per round

xvi,vj binary indicating variable of the edge (vi, vj)

Figure 6.2: Notations used in the network model.

edges, we model the WSN as an arborescence2 where every sensor has a unique

path to the gateway v0.

In each round of data collection, the sensor vi, i ∈ {1, 2, . . . , N − 1}, needs to

forward

gvi = Rvi + a
(

∑vj∈C(i)Rvj

)
(6.1)

bits of data to its parent sensor, where vi generates Rvi bits of its own data and

aggregate the data ∑vj
Rvj from its child sensors vj ∈ C(i), and a(·) is an aggre-

gating function. We adopt the energy consumption model in [111], where the

topology-relevant energy consumption at sensor vi largely consists of data pro-

cessing (including data receiving) and transmitting energy consumption. This is

modeled as

evi =
(

εP
vi
+ εTx

vi

)
gvi , (6.2)

where εP
vi

and εTx
vi

is the energy dissipation per bit for data processing and trans-

mission at sensor vi, respectively. The energy dissipation per bit for data trans-

mission depends on the distance to the parent sensor, and is further modeled

2An arborescence is a directed, rooted tree T = (V, E) that spans (when viewed as an undi-
rected graph) the graph.
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as

εTx
vi

= ρd2
vi,vj

, (6.3)

where dvi,vj is the Euclidean distance between vi and its parent sensor (or the

gateway) vj, and ρ is a constant of power amplification in the link budget, con-

sidering the effects of shadowing and fading.

6.3.2 Problem Formulation

In this paper, we propose a unified framework for energy-efficient topology op-

timization in WSNs with the following general settings.

1. The data size Rvi generated by sensor vi is a random number drawn from

a certain distribution that is unknown to the DRL-TC algorithm.

2. The aggregating function a(·) can be any deterministic function. For the

purpose of demonstration, we use summation in this paper.

3. The proposed DRL-TC is readily applicable to other network objectives,

such as minimizing the overall network energy consumption or maximiz-

ing the network throughput.

Denote the total battery energy stored at sensor vi as Evi , and let Ev0 = ∞

since the gateway v0 is assumed to be connected to an unlimited main power

supply. We define the lifetime of the WSN as the minimum battery lifetime of all

sensors in terms of the total rounds of transmission. This lifetime maximization
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of the WSN can be formulated as

maximize
{xij}

min
vi∈V

⌊
Evi

evi

⌋
(6.4a)

subject to ∑
(vi,vj)∈δ(U )

xvi,vj ≥ 1, ∀U ⊆ V\{v0}, (6.4b)

∑
(vi,vj)∈δ(vi)

xvi,vj = 1, ∀vi ∈ V\{v0}, (6.4c)

xvi,vj ∈ {0, 1} , ∀vi, vj ∈ V, (6.4d)

where δ(S) is the set of edges {(u, v) : u ∈ S, v /∈ S}, and xvi,vj = 1 if vi is a

child of vj and 0 otherwise. The constraint (6.4b) ensures that all sensors are

connected, and the constraint (6.4c) ensures that each sensor can only transmit

to one parent node at a time. The optimization problem in (6.4) is NP-hard since

it is a generalization of the NP-hard problem in [112]. To approximate the com-

plexity of the problem, we remark that if the topology is viewed as an undirected

spanning tree, the number of all possible spanning trees in this network is NN−2

by the Cayley’s formula [119]. Although heuristic rules can reduce the num-

ber search candidates, enumerating all potential solutions is still infeasible for a

reasonable value of N. We propose an anytime DRL-TC algorithm that focuses

on more promising areas in the search space given limited computing resources,

and approaches the optimal solution with an increasing amount of computa-

tional power.

6.4 Proposed Deep Reinforcement Learning-based Topol-
ogy Control Algorithm

6.4.1 Formation of Arborescence as a Markov Decision Process

To apply reinforcement learning to the problem formulated in the previous sec-

tion, we start by constructing a valid arborescence rooted at the gateway v0. In
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Figure 6.3: The MDP of constructing an arborescence in a WSN with 7 sensors
starting at step 4 and completed after two steps.

each step, we select a sensor that has not been connected and connect it to a sen-

sor or to the gateway on the tree, until all sensors are connected. This procedure

can be described by a fully observable finite-horizon Markov decision process

(MDP) of a 4-tuple {S ,A, T ,R}, as shown in Fig. 6.3. At each step t ∈ [0, N],

the state of the system st ∈ S is the current adjacency matrix st =
[

xvi,vj

]
vi,vj∈V

of

the network. The action at ∈ A is the choice of the next sensor that will connect

to the tree, or equivalently xvi,vj = 1 where sensor vi is to be connected to sensor

(or the gateway) vj on the tree. The system then evolves to the next state st+1,

with a deterministic transition matrix T (s, a) in this case. The reward at step t

is undetermined until the terminal state sN (i.e., all sensors are connected to the

tree) is reached, and then the objective value of (6.4), the lifetime of the WSN, is

returned as the reward rN ∈ R = R+. The final reward is the sum of rewards

from the sequence of states visited and actions taken.

6.4.2 Approximating Policy and Value Functions Using a DNN

A stochastic policy π(s) defines a distribution of the valid actions at a state. Un-

der this policy, the system generates a trajectory of states and actions h(st) =

{st, at, . . . , sN−1, aN−1, sN}, from state st until the terminal state sN. The value

function Vπ(s) is defined as the expected reward of all possible trajectories, start-
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Figure 6.4: The architecture of the DNN in the proposed DRL-TC, which
approximates the optimal policy π̂∗(s) and the optimal value function V̂∗(s).

ing from state s as

Vπ(s) , Eh

[
N

∑
τ=t

rτ|st = s

]
. (6.5)

We use a DNN fΘ(s), parameterized by Θ, to approximate the optimal value

function V∗(s) = maxπ Vπ(s) together with the optimal policy π∗(s). As shown

in Fig. 6.4, the input to the DNN is a training dataset {(s, π(s), Vπ(s))}. In order

to significantly increase the representational capacity of the DNN while main-

taining the feasibility of training of this multiple-layer neural network, we adopt

eight deep ResNet blocks proposed in [105] on top of each other. Each ResNet

consists of one convolutional layer 256 convolutional filters each with a 3 × 3

kernel, followed by batch normalization and ReLU activation. The DNN is then

split into two branches of convolutional layers followed by a dense layer with

softmax and ReLu activation for the policy and the value function, respectively.

The policy and value of each state predicted by the DNN (π(s), Vπ(s)) = fΘ(s)

contain a priori information that guides the MCTS to search the states with high

rewards and collect training datasets for the DNN in return.

Once the DNN (Vπ(s), π(s)) = fΘ(s) is trained, in order to obtain an ar-

borescence topology of the WSN, we start at the root state s0 = 000, and then

sequentially choose an action at ∼ π(st) from the policy predicted by the DNN

and update the state st+1 = T (st, at) until the full tree is reached. We remark that

this topology construction is a stochastic process and will converge to a solution

once the DNN is trained with a sufficient number of iterations.
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r

r

r

a ∼ π(s)

Select Expand Backup

Search
Node

Figure 6.5: The procedure of the MCTS: The MCTS is expanded by the
prediction from the DNN (π(s), Vπ(s)) = fΘ(s), and collects training datasets

in more promising search areas in return.

6.4.3 Collecting Training Datasets using MCTS

The DNN requires a training dataset of states, policies, and values so as to fit the

DNN as a function approximator. A naive approach is to enumerate and collect

all states and their values as the training dataset. However, this approach will

overfit the DNN and become infeasible when the state space is large. Instead of

using heuristic rules to reduce the number of search candidates, we use MCTS

[63] to efficiently collect training datasets in more promising areas of the search

space.

The procedure of the MCTS subroutine in DRL-TC is illustrated in Fig. 6.5.

Each node on the search tree represents a 5-tuple data (s, a, M(s, a), π(s), Qπ(s, a)),

where s is the state of the WSN, a is the action at the state, M(s, a) is the total

number of visits of (s, a) on the search tree, π(s) is a prior probability of valid

actions predicted by the DNN, and Qπ(s, a) is the state-action value, which is

defined as the expected reward starting from state s and taking the action a

Qπ(s, a) , E

[
N

∑
τ=t

rτ|st = s, at = a

]
. (6.6)

At each search step t < N, the action that maximizes the upper confidence
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Algorithm 1: MCTS(s) subroutine of the proposed DRL-TC algorithm
Input: DNN fΘ(s); visiting counts M(s, a); a priori policy π(s); state-action val-

ues Qπ(s, a);
Output: Visiting counts M

exit conditions of recursion
1: if s is the terminal state then
2: return r
3: end if

expand to a new search leaf
4: if s has not been visited then
5: π(s), V(s)← fΘ(s);
6: get all valid actions for state s;
7: re-normalize π(s) for all valid actions;
8: M(s)← 1;
9: return V(s)

10: end if

calculate UCBs
11: initialize U ← ∅;
12: for all valid actions a do
13: U(s, a)← Qπ(s, a) + cπ(s, a)

√
M(s)

1+M(s,a) ;
14: end for

choose action and recursively search at the next state
15: a← arg maxa U(s, a), randomly tie-breaking;
16: s← T (s, a);
17: recursively search at the new state V(s) = MCTS(s);

update tree states
18: Qπ(s, a)← M(s,a)Qπ(s,a)+V(s)

N(s,a)+1 ;
19: M(s, a)← M(s, a) + 1
20: M(s)← M(s) + 1;
21: return V(s)

bound (UCB) [120] is selected, i.e.,

at = arg max
a

(
Qπ(s, a) + cπ(s, a)

√
M(s)

1 + M(s, a)

)
, (6.7)
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where M(s) , ∑b∈A M(s, b) is the visiting count for the state s regardless of

actions, and c is a hyper-parameter that controls the level of exploration. Intu-

itively, this selection strategy initially prefers the actions with high prior proba-

bility π, but asymptotically prefers the actions with high state-action value Qπ.

When the search reaches the termination state, i.e., t = N, a reward is obtained

and propagated along the search path back to the root state for all the states

visited and actions taken. The Qπ values on the path are updated by the new

average of the values on the nodes accordingly.

The details of the MCTS are described in Algorithm 1. Each search starts at a

certain state and recursively searches the next state until a new leaf state or the

terminal state is reached. By doing multiple MCTSs at each state, an a posteriori

visiting count M(s) is collected as part of the training dataset used to update the

DNN in the next iteration.

6.4.4 Self-Configuring DRL-TC Algorithm

In short, the proposed DRL-TC alternates between the training of the DNN

and MCTS, where the DNN provides an a priori policy that guides the MCTS,

and then the MCTS returns a posteriori visiting counts and state values that are

used to update the DNN. In this manner, with limited amount of computing

resources, the proposed DRL-TC algorithm will focus more on promising areas

to search and converges to a solution with a high reward.

The proposed DRL-TC algorithm can also adapt to the dynamics of the en-

vironment. For example, when suddenly adding or removing sensors, some

actions become available or obsolete by the topology rules. In a new run of the

MCTS, the policy π returned by the DNN for the state will be re-normalized for

all valid actions. Hence, the new a priori policy π(s) reflects the changes of the

network but still correlates with the historical data. New training datasets will

be collected by the MCTS and used to update the DNN. If we assume that the
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Algorithm 2: The proposed DRL-TC algorithm
Input: Number of iterations Ni; number of episodes Ne; number of tree searches

Nm; minibatch size B; learning rate α;
Output: Network topology control DNN fΘ(s)

1: training dataset E← ∅;
2: for i from 1 to Ni do
3: s← 000
4: for e from 1 to Ne do
5: M← ∅
6: for m from 1 to Nm do
7: MCTS(s)
8: end for
9: normalize the visiting counts M(s) obtained from MCTS(s)

10: E ∪ {(s, M(s), V)}
11: if s is the terminal state then
12: obtain the reward r and update V by r for all s in iteration e
13: else
14: choose an action a ∼ M(s)
15: s← T (s, a)
16: end if
17: end for
18: shuffle E
19: train DNN fΘ(s) with a minibatch size of B and learning rate of α
20: end for

network change is slower than the training time which depends on the available

computing resources, the proposed DRL-TC algorithm is capable of tracking the

dynamics of the network and re-configuring the network topology accordingly.

The complete algorithm of the proposed DRL-TC is described in Algorithm 2.
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6.5 Simulation Results and Discussions

6.5.1 Simulation Settings

To evaluate the performance of the proposed DRL-TC algorithm, we consider

a WSN with one gateway and nineteen sensors randomly scattered in a circle

area with a radius of 1000 m. Each sensor, with an initial energy of 1 J, uniformly

generates sensing data between 500 and 1000 bits in each round of transmission.

We assume that all sensors have sufficient amount of time to transmit the data in

each round. The energy dissipation per bit of processing is set to εP
vi
=50 nJ/bit

for all sensors. The power amplification constant is set to ρ =1 pJ/m2/bit.

In each iteration of the algorithm, Ne = 10 episodes of training examples are

collected from the MCTS with Nm = 100 searches at each state. The minibatch

size is B = 16 and the learning rate is α = 10−6. We use the Adam optimizer [95]

to train the DNN. After each iteration of training, we evaluate the performance

of the algorithm using the DNN to construct 100 network topologies and average

the results.

6.5.2 Convergence and Performance

First, we demonstrate the convergence and performance of the proposed DRL-

TC algorithm. The solid line in Fig. 6.6 shows the average and the standard

deviation (indicated by the shadowed region) of the network lifetime of 100 re-

alizations returned by the DNN after each training iteration. The algorithm con-

verges after about 60 iterations, as indicated by the diminishing standard devia-

tion. Fig. 3.3 also compares the performance of the proposed DRL-TC algorithm

with three heuristic approaches: star topology, where all sensors connect to the

gateway; random topology, where each sensor randomly chooses a node to con-

nect to; and minimum spanning tree (MST) topology, where the MST weighted

by the Euclidean distances between the nodes is formed. The star topology has
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Figure 6.6: Convergence and performance of the proposed DRL-TC algorithm,
compared with three heuristic approaches: star topology, random topology, and

MST topology.

the shortest network lifetime due to the high transmitting energy consumption at

the edge sensors far from the gateway. The random topology shows a longer av-

erage network lifetime but with a large variance. The MST topology further im-

proves the network lifetime by reducing the overall transmitting distance. Our

proposed DRL-TC algorithm surpasses the performance of these heuristic ap-

proaches to a large extent, along with a very small variance when the algorithm

converges.

Figure 6.7 demonstrates the capability of the proposed DRL-TC of adapting

to sudden changes of the WSN. The top plot in Fig. 6.7 shows the average

network lifetime after each training iteration, while Figs. 5.6 A© to D© show 100

topologies given by the DRL-TC algorithm overlaying on top of each other after

the 1st, 62nd, 63rd, and 100th iteration. As shown in Fig. 5.6 A©, at the first iter-

ation, the DRL-TC randomly explores the search space because the DNN does

not have any a priori information about the state values. After 62 iterations, the
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Figure 6.7: The evolution of the training process. Top: The DRL-TC adapts to
the interruption of the sensors 6©, 7© and 8© at the 63rd iteration and keeps

improving the average network lifetime in terms of increasing its mean value
and decreasing its variance (as indicated by the shadowed region). Bottom: 100
topologies given by the DRL-TC algorithm overlaying on top of each other at

the 1st, 62nd, 63rd and 100th iteration. Node 0© is the gateway.

algorithm converges to a solution with a very high confidence, as indicated by

the clear paths between the sensors in Fig. 6.7 B©. Then, just before the 63rd iter-

ation, sensors 6©, 7© and 8© are disabled and disconnected from the WSN, and

the DRL-TC starts to re-configure the network. The new topologies, as shown

in Figs. 6.7 C©, are still correlated to the historical data as shown in 6.7 B©. This is

another advantage of the proposed DRL-TC algorithm in that it does not need to

restart from scratch when the network condition changes. Eventually, the algo-

rithm converges to another solution for the new network with a slightly smaller

network lifetime due to the fact that the remaining sensors need to consume

more energy to offload the data which was originally routed by the removed

sensors.

6.6 Conclusion and Future Work

In this paper, we proposed a novel and unified deep reinforcement learning-

based topology optimization algorithm for energy-efficient deployment of WSNs.
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The proposed DRL-TC algorithm is capable of adapting to the changes of the

environment and shows better performance compared to other heuristic ap-

proaches to a large extent.

The framework of DRL-MCTS has a great potential in WSNs where online

training is possible without intervening with the network service. In addition,

with the ever-increasing computational power, we envision the applicability of

DRL-MCTS in the self-organized and fully autonomous networks of IoT in the

5G era.



7
Conclusion and Future Work

In this thesis, we investigated a number of novel designs and optimization tech-

niques for the next generation of mobile communication networks. In particular,

we focused on the applications of deep learning in cognitive radio networks

(CRNs) and wireless sensor networks (WSNs) and proposed several learning al-

gorithms to autonomously control and configure wireless networks. We showed

superior performances of our proposed algorithms compared with classical op-

timization approaches and argued that with ever growing power of computa-

tional resources, learning-based approaches can supersede many hand-crafted

algorithms in heterogeneous communication networks with an ever increasing

uncertainty of the radio environment.

In Chapter 3, as a starting point, we investigated resource allocation for a

123
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joint backhaul-access full-duplex (FD) heterogeneous network. To this end, a

mixed-integer nonlinear programming (MINLP) was formulated and solved by

a successive convex approximation (SCA) technique under the framework of

matching theory. We showed that our proposed FD backhaul-access allocation

scheme outperforms traditional half-duplex (HD) schemes, such as frequency-

division duplexing (FDD) and time-division duplexing (TDD), by approximately

a factor of 1.5 and quickly converges to a solution that is close to the exhaustive

search method in a small number of iterations with high probability. In addi-

tion, we identified the lack of tractability of such hand-crafted algorithm to the

changing radio environment, which motivates our research in the direction of

machine learning in the chapters that followed.

In Chapter 4, we employed deep reinforcement learning for narrowband

spectrum sensing in FD- and HD-CRNs, where the algorithm can autonomously

adapt to primary networks and balance the sensing-throughput trade-off. More

generally, our results indicated that the reinforcement learning approach presents

a promising tool to unlock the potential of CRNs to efficiently share frequency

spectrum between primary and secondary networks, as well as improving the

trade-off between sensing and throughput in CRNs.

In Chapter 5, we extended the work in Chapter 4 and proposed an end-to-

end deep learning-based compressive wideband spectrum sensing algorithm

for CRNs. Specifically, we employed the supervised learning framework of

generative adversarial networks (GANs) that can learn the low-dimensional man-

ifold of a wideband spectrum from the training signals sampled at a sub-Nyquist

rate. These two chapters demonstrated the applicability of deep learning in the

next generation of wireless networks.

In Chapter 6, we turned our attention to WSN of Internet of Things (IoT)

devices. Yet MINLP problem is formulated, where the objective is to config-

ure network topology in order to maximize network lifetime. Different from

the classical optimization technique in Chapter 3, we use deep learning to solve
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this NP-hard MINLP problem, which is a common type of problem in wireless

communication networks. To this end, on top of the framework of deep rein-

forcement learning introduced in Chapter 4, we incorporated the Monte Carlo

tree search (MCTS) so as to efficiently search and collect training examples in the

combinatoric search space, allowing for the focus on more promising areas and

using less computational resources. More importantly, the framework of deep

reinforcement learning and MCTS has demonstrated to have great potential in

WSNs where online training is possible without intervening with the network

service.

Deep learning has shown great potential in many engineering areas and very

recently has gained momentum in wireless communication. Future research

along the pathway of this thesis will focus on applications of DRL-MCTS in other

wireless communication problems, such as resource allocation, task scheduling,

and routing, in which all feature integer strategic decision variables and con-

tinuous tactical decision variables. One can utilize the DRL-MCTS framework

to optimize strategic decisions, such as subchannel allocation, task allocation,

and routing topology. Tactical decision variables, such as power allocation, time

budge, and delay optimization, can then be derived by using conventional con-

vex optimization techniques.

In addition, our work can be extended to a multi-agent scenario under the

same DRL-MCTS framework, where multiple learning agents interact with each

other and learn to interchange information and develop effective strategies. For

example, in a distributed multi-agent network, by interacting with the environ-

ment and other agents in the network, each agent can discover its locally best

strategy with an overall equilibrium of the network. A combination of game

theory with the DRL-MCTS framework can be further investigated.

In future generations of communication networks, no single optimization

technique may be able to effectively capture the ever-increasing complexity and

heterogeneity of the networks. A unified learning framework (similar to the
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DRL-MCTS framework proposed in this thesis) is a promising solution to tackle

problems with different contexts and with different technologies. We expect that

deep learning will reshape future wireless networks and will have a great eco-

nomic and social impact.



A
On the Tail Distribution of Test

Statistics in Energy Detection

A.1 Introduction

The fifth generation (5G) of wireless communication networks is envisioned to

be high-capacity, highly reliable, and low-latency so as to support ever growing

traffic-intensive user applications, such as self-driving cars, virtual reality, and

Internet of Things [121]. Cognitive radio is one of the candidate solutions to

promote spectrum reuse, where unlicensed secondary users (SUs) opportunisti-

cally transmit whenever the licensed spectrum band is not occupied by primary

users (PUs) [43].

127
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The key enabling technology of cognitive radio is spectrum sensing, i.e., the

ability to identify the presence of PUs in the ever changing and noisy radio envi-

ronment. Two performance metrics are of the most interested in cognitive radio

networks (CRNs): (i) the probability of missed detection, which is defined as

the probability of a sensing algorithm failing to detect the presence of PU signal,

and (ii) probability of false alarm, which is defined as the probability of a sens-

ing algorithm falsely declaring the presence of PU signal. The problem of spec-

trum sensing boils down to a hypothesis test of a particular test statistics. For

example, energy detection, cyclostationary-based sensing and waveform-based

sensing are main categories of the test statistics discussed in most of the literature

[80]. However, they are common where the test statistics is compared with a pre-

defined threshold so as to calculate a probability of detection. In this step, most

of the literature employs the central limit theorem (CLT) to approximate the dis-

tribution of the test statistics by a Gaussian distribution near its mean value. The

applications of CLT in spectrum sensing are prevalent in the literature, based on

which many results are established. For example, the sensing-throughput trade-

off was analyzed in [44] based on the assumption of CLT. In [85], the concept

of “SNR wall” was discussed, below which a detector will fail to be robust, no

matter how long it can observe the channel.

However, with the ever stringent requirements of user capacity and reliabil-

ity, the probability of missed detection of PUs and the probability of false dec-

laration of the presence of PUs are required to be small, which means that the

test statistics will deviate from its mean and therefore the assumption of apply-

ing the CLT will no longer hold. In these cases of rare events, large deviation

principle (LDP) provides an asymptotic and uniform approximator of the tail

distribution of a random variable [122]. It is widely used in physics and finance

where rare events such as failures and accidents are of the most concern. In

the context of wireless communication, the authors in [123] proposed a modified

energy detector and a parameter optimization method to find the proper weight-
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ing factor based on the large deviation theory. In [124], the authors investigates

a spectrum and power allocation problem in vehicular networks to maximize its

sum ergodic capacity from the large deviation perspective.

In this chapter, we identify the need of employing the LDP to spectrum sens-

ing in CRNs when the probability of missed detection and the probability of false

alarm are small. Our contributions are as follows.

1. We provide a closed-form function approximator of the tail distribution of

the test statistics of energy detection based on LDP.

2. We show that the proposed approximator gives a better approximation of

the test statistics when the probability of the test statistics is small.

3. We also show that the proposed approximator provides a guaranteed up-

per bounds on the tail distribution of the test statistics, which is important

for maintaining the robustness of primary networks.

A.2 Problem Formulation

A.2.1 Distribution of Empirical Means

We start by investigating the distribution of the empirical means of independent

and identically distributed (i.i.d.) non-lattice random variables Xn, n ∈ [1, N].

Assume that each Xn is an i.i.d. Gaussian random variable with zero mean and

variance of σ2
X. It is well known that each Yn , X2

n is an i.i.d. Gamma distributed

random variable with the distribution

Yn ∼ Γ
(

1
2

, 2σ2
X

)
, (A.1)

where Γ(k, θ) is the Gamma distribution parameterized by the shape parameter k

and the scale parameter θ. Therefore, the empirical mean of Yn, ȲN , 1
N ∑N

n=1 Yn,
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is also a Gamma-distributed random variable with the distribution

ȲN ∼ Γ

(
N
2

,
2σ2

X
N

)
. (A.2)

Since the expression of the probability density function (pdf) of a gamma

distribution involves the Gamma function1, which lacks a closed-form expres-

sion that only contains elementary functions, we are more interested in finding

a good estimate of the pdf of ȲN that has a closed-form expression. To this end,

a prevalent method in the literature is to approximate ȲN as a Gaussian ran-

dom variable by applying the CLT. However, CLT is only applicable around the

mean within a neighbourhood of the size of the standard variance. In the situa-

tion where rare events are more concerned, the large deviation principle gives a

good estimate of the tail distribution.

A.2.2 Derivation by Central Limit Theorem

By the assumption, Yn is an i.i.d. Gamma distributed random variable with mean

µYn , E [Yn] = σ2
X and variance σ2

Yn
, Var [Yn] = 2σ4

X. We define

ZN ,
∑N

n=1 Yn − NµYn√
Nσ2

Yn

(A.3)

as the normalized empirical mean of Yn. According to CLT, the cumulative dis-

tribution function (cdf) of ZN converges to the standard normal cdf in the sense

that

lim
N→∞

Pr {ZN ≥ z} = Q(z), ∀z, (A.4)

where Q(z) is the complementary cdf of the standard normal distribution. For

a finite value of N, after rearranging the terms in (A.3), the distribution of ȲN =

1The pdf of Γ(k, θ) is given by f (x) = xk−1e−
x
θ

Γ(k)θk , where Γ(k) ,
∫ ∞

0 tx−1e−tdt, for x > 0.
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ZNσYn√
N

+ µ can be approximated by N
(
σ2

X, 2σ4
X/N

)
around the mean σ2

X [44],

where N
(
µ, σ2) is the standard Gaussian distribution with mean µ ∈ (−∞, ∞)

and variance σ2 ∈ (0, ∞).

A.2.3 Derivation by Large Deviation Principle

In many applications where the tail distribution of a random variable is more

concerned, LDP gives a much better estimation than the estimator derived from

CLT when the random variable deviates far from the mean.

We first introduce the LDP by considering a general case where we assume

that the moment-generating function of Yn, MYn(t) , E
[
etYn

]
, exists in an open

set around 0. The Fenchel-Legendre transform [125] of the cumulant-generating

function of Yn is defined as the rate function

IYn(y) , sup
t∈R

{ty−ΛYn(t)} , (A.5)

where ΛYn(t) , log MYn(t) is the logarithmic moment-generating function of Yn.

If the solution of (A.5) is finite, denoted by t∗Yn
, by the Cramér’s Theorem [125], the

empirical means ȲN satisfies the large deviation principle with the convex rate

function IYn(y), namely

lim
N→∞

1
N

logPr
{

ȲN ≥ y
}
≤ −IYn(y), ∀y ∈ (µ, ∞). (A.6)

This result tells us that the decaying rate of the tail distribution of ȲN when N

goes to infinity. In addition, it gives us an upper bound of the complementary

cdf of ȲN regardless the value of N. Furthermore, the Bahadur and Rao Theorem

[126] refines the Cramér’s Theorem by introducing an additional correction term,

which gives the exact asymptotic estimate of the distribution of ȲN in the sense
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that

lim
N→∞

JȲN
(y)Pr

{
ȲN ≥ y

}
= 1, ∀y ∈ (µ, ∞), (A.7)

where JȲN
(y) = t∗Yn

√
2πNΛ′′Yn

(t∗Yn
)eNIYn (y).

A.2.4 The Proposed Function Approximator Based on LDP

Now considering that YN is an i.i.d. Gamma-distributed random variable, the

following proposition gives us the exact asymptotic estimate of the distribution

of ȲN.

Proposition 1. Let {Yn}N
n=1, be a sequence of i.i.d. Gamma-distributed random

variables, each with the parameters k = 1/2 and θ = 2σ2
X. Denote ȲN , 1

N ∑N
n=1 Yn

as the empirical mean of Yn. For any y > E [Yn],

lim
N→∞

JȲN
(y)Pr

{
ȲN ≥ y

}
= 1, (A.8)

where JȲN
(y) =

√
πN

(
y

σ2
X
− 1
)

e
N
2

(
y

σ2
X
−1+log

(
σ2

X
y

))

.

Proof. From elementary probability calculations, the moment-generating func-

tion of Yn is given by

MYn(t) , E
[
etYn

]
= (1− θt)−k. (A.9)

Then the rate function can thus be obtained by

IYn(y) = sup
t∈R

{ty−ΛYn(t)}

= sup
t∈R

{ty + k log(1− θt)}
(A.10)
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Setting the derivative of ty+ k log(1− θt) respect to t to zero and solving for

y, we then obtain the solution to (A.10) as

t∗Yn
=

1
θ
− k

y
. (A.11)

Plug (A.11) into (A.10), the rate function is derived as

IYn(y) =
y
θ
− k + k log

(
kθ

y

)
. (A.12)

The proof is completed by plugging (A.11), (A.12), k = 1
2 , and θ = 2σ2

X into

(A.7).

If the value of N is finite, the distribution of ȲN can be approximated by

Pr
{

ȲN ≥ y
}
≈ min

{
1/2, J−1

ȲN
(y)
}

, ∀y > E [Yn] . (A.13)

Figure A.1 illustrates the comparison of the complementary cdf of ȲN with

the estimations by CLT and LDP. The first noticeable feature of the figure is that

the approximation by CLT is only “valid” around the mean, which is 1, to the

extend of a standard variance, and decays much faster than the true distribu-

tion. On the contrary, the approximation by LDP in (A.8) largely follows the true

tail distribution of ȲN, regardless of the value of y. Second, the approximation

by LDP is an upper bound of the true distribution, whereas there is no similar

conclusion for the approximation by CLT.

A.3 Application of LDP in Energy Detection

Spectrum sensing in CRNs can be formulated as a hypothesis testing problem.

DenoteH0 as the null hypothesis of the absence of PUs andH1 as the alternative

hypothesis of the presence of PUs. Then the task of spectrum sensing is to decide
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Figure A.1: Comparison of the true complementary cdf of ȲN with the
approximation by CLT and the approximation by LDP when σ2

X = 1, N = 10,
and ȲN > E [Ȳn] = 1.

whether the law generating the test statistics is ρH0 or ρH1 . Let xn denote the

received PU signal at the SU, which includes the effects of fading, shadowing,

and path loss, and wn is the background noise. We further assume that each xn

is an i.i.d. Gaussian random variable with mean zero and an unknown but the

same variance σ2
x . The signal is corrupted by an additive white Gaussian noise

wn with zero mean and a known variance of σ2
w. Therefore, the nth sample of the

received baseband discrete-time signal yn at the SU is given by

yn =





wn, underH0 : σ2 = σ2
w,

xx + wn, underH1 : σ2 6= σ2
w,

(A.14)

where σ2 , Var [yn].

In the context of energy detection, the energy of each received sample Yn ,
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|yn|2 is a Gamma-distributed random variable given by

Yn ∼





Γ
(

1
2

, 2σ2
w

)
, underH0,

Γ
(

1
2

, 2
(

σ2
x + σ2

w

))
, underH1.

(A.15)

Let ȲN be the test statistic in the energy detection method, which is defined

as

ȲN ,
1
N

N

∑
n=1

Yn, (A.16)

where N is the number of samples used for energy detection. By CLT, the distri-

bution of ȲN can be approximated by

ŶCLT
N ∼





N
(

σ2
w, 2σ4

w

)
, underH0,

N
(

σ2
x + σ2

w, 2(σ2
x + σ2

w)
2
)

, underH1.
(A.17)

Given a decision threshold τ, the probability of missed detection PCLT
MD and

the probability of false alarm PCLT
FA can be obtained by [44]

PCLT
MD (τ) = Pr

{
ŶCLT

N ≤ τ|H1

}

= 1−Q
((

τ

σ2
x + σ2

w
− 1
)√

N
2

)
, (A.18)

and

PCLT
FA (τ) = Pr

{
ŶCLT

N > τ|H0

}
= Q

((
τ

σ2
w
− 1
)√

N
2

)
, (A.19)

respectively.

On the other hand, by Proposition 1, the test statistic ȲN can also be approxi-

mated by ŶLDP
N whose cdf is given by (A.13). Therefore, the probability of missed
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detection PLDP
MD and the probability of false alarm PLDP

FA can be obtained by

PLDP
MD (τ) =Pr

{
ŶLDP

N ≤ τ|H1

}

=1− e
− N

2

(
τ

σ2
x+σ2

w
−1+log

(
σ2

x+σ2
w

τ

))

√
πN

(
τ

σ2
x+σ2

w
− 1
) , (A.20)

and

PLDP
FA (τ) = Pr

{
ŶLDP

N > τ|H0

}
=

e
− N

2

(
τ

σ2
w
−1+log

(
σ2

w
τ

))

√
πN

(
τ

σ2
w
− 1
) . (A.21)

A.4 Numerical Results

To verify the proposed LDP-based approximator, we provide the numerical re-

sults compared with the true distribution and the CLT-based approximator un-

der different SNRs and numbers of samples with additive Gaussian noise.

Figure A.2 compares the PFA-PMD curve of the true distribution with the ap-

proximation by CLT and the approximation by LDP, when σ2
x = σ2

w = 1, i.e.,

SNR= 0, and N = 50. When PFA is large, the approximation by CLT (A.20) and

(A.21) is closer to the PFA-PMD curve of the true distribution. This is the area

around the mean values of ȲN, and therefore, the CLT applies. However, when

PFA is small, the approximation by LDP in (A.20) and (A.21) is closer to the PFA-

PMD curve of the true distribution. This is the area where ȲN deviates from its

mean value, and thus, the CLT no longer applies. Consequently, the approxima-

tion by CLT gives a more optimistic prediction of PMD than the approximation

by LDP does. In addition, the approximation by LDP provides a uniform upper

bound on PMD which guarantees that the interference to the primary network

is limited. This result is consistent with the asymptotic behavior of the LDP in

theory shown in Fig. A.1.



A.4 Numerical Results 137

Figure A.2: Comparison of the PFA-PMD curve of the true distribution with the
approximation by CLT and the approximation by LDP, when σ2

x = σ2
w = 1, i.e.,

SNR= 0, and N = 50.

Figure A.3 compares the PFA-N curve of the true distribution with the ap-

proximation by CLT and the approximation by LDP, when σ2
x = σ2

w = 1, i.e.,

SNR= 0, and PMD = 0.1. Similarly to the previous analysis, when the num-

ber of samples is small, i.e., when the probability of false alarm is large, the

approximation by CLT in (A.20) and (A.21) is closer to the PMD-N curve of the

true distribution. On the other hand, when the number of samples is large, i.e.,

when the probability of false alarm is small, the approximation by LDP in (A.20)

and (A.21) is closer to the PMD-N curve of the true distribution. To achieve a low

probability of false alarm, the number of samples required is larger from the true

distribution and the approximation by LDP than the approximation by CLT. Or,

in other words, the approximation based on CLT is more optimistic in terms of

the number of samples required, which deviates more from the true distribution

when the probability of false alarm is small.
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Figure A.3: Comparison of the PFA-N curve of the true distribution with the
approximation by CLT and the approximation by LDP, when σ2

x = σ2
w = 1, i.e.,

SNR= 0, and PMD = 0.1.

A.5 Conclusion

In this chapter, we proposed an alternative approximation of the test statistics

in energy detection by using LDP. Various results show that, in low probabil-

ity regime, the approximation by LDP gives a more accurate estimation on the

true tail distribution of the test statistic than the approximation by CLT. It also

provides a guaranteed upper bounds on the probability of missed detection and

the probability of false alarm, which is important for the analysis of CRNs in the

primary networks with stringent requirements.
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