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Abstract

The thesis is motivated by the evolution of mobile networks needing to match

novel applications. Cloud radio access network (C-RAN) is a network architec-

ture that solves power consumption issues, improves scaling, and reduces the

operational expenditures for operators. Due to capacity limitations of fronthaul

links, C-RAN fails to meet the expectations placed on it in solving the network

objectives. Fog radio access network (F-RAN) has been proposed to solve the

fronthaul loading. By placing radio processing and caching functionality at the

edge nodes latency can be reduced and fronthaul experiences less load, increas-

ing performance gains of the cloud infrastructure.

F-RAN faces multiple issues since the fog access points (FAPs) are a novel ad-

dition to the network architecture. FAPs have to communicate with each other to

solve optimisation problems and provide a satisfactory quality of service (QoS).

Further, compared to the baseband unit (BBU), FAPs are equipped with much

smaller caches, so algorithms have to proactively cache content that users would

like to access. Due to the stringent low latency requirement set for the future gen-

eration of mobile networks, some information cannot be exchanged, thus FAPs

have to make assumptions about the global state of the environment. For this

reason, the thesis looks at machine learning options, which are known to be able

to predict and generalise outcomes based on historical data.

Reinforcement learning (RL) is chosen as it learns from an environment that

follows a Markov decision process (MDP). Double deep Q-network (DDQN) is

known to be one of the best performers, as it provides convergence guarantees
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for MDP environments and improved learning stability through the use of expe-

rience replay. The thesis uses C-RAN architecture as an environment for a DDQN

deployment to control flexible ethernet (FlexE) calendar slot allocation as well as

remote unit (RU) load-balancing. The operation of the method is assessed and its

performance is compared to auto regressive integrated moving average (ARIMA)

algorithm, which uses statistical network information to perform resource alloca-

tion for FlexE links.

Assuming information about the global state is unknown, the environment

becomes partially observable. This is expected to be the case for F-RAN consid-

ering the latency constraints. In a partially observable Markov decision process

(POMDP) this leads to uncertainty in making decisions, as the outcomes are per-

ceived as stochastic by the agent. With the goal of maximising the number of

users served by multiple FAPs in a POMDP under stringent constraints, DDQN

fails to converge to a solution. For this problem, a multi-agent double deep Q-

network (MA-DDQN) solution is proposed, in which FAPs exchange information

about their experiences after every learning step. The method is tested in a simu-

lated F-RAN environment and its performance is discussed.

While focusing on allocating resources provides satisfactory performance it

has been shown to only be a half of the complete solution. Since FAPs are capable

of caching data or applications close to the user, controlling what is being cached

is equally as important. This makes the problem a capacitated facility location

problem (CFLP). A method is proposed that chooses which services to cache in

the fog layer in the first step and how to distribute the content to the users in the

second step. An algorithm based on MA-DDQN, termed focused batch DDQN

(FB-DDQN) is used to solve the optimisation problem of improving the cache hit

ratio in the fog layer. FB-DDQN focuses on areas of the state space that the agents

know they are uncertain with and requests other agents to share their solutions

to similar states, which improves the generalisation of the less knowledgeable

agent. The results are compared to the base MA-DDQN algorithm, as well as a
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RL algorithm that is written for this task.
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Chapter 1

Introduction

1.1 Motivation

The Internet is so much more than sites on the web and phones no longer serve a

single purpose. It would surprise the original inventors of the first mobile phone,

the Motorola Dynatac 8000X, which made its first call in 1973 (released in 1984),

how the device they have engineered has evolved from a clunky rectangle the

size of a small bag. As it stands now, mobile phones have become smartphones,

tiny gadgets, that fit inside of pockets of a light jacket, with processing power

equivalent to that of a personal computer. This evolution is necessary, since the

conception of the first mobile phone, consumers have started requiring their daily

usage device to be able to do much more than make call or send a text message,

both of which are low-bandwidth applications. Phone and mobile network ser-

vice evolution can be divided into generations, each lasting roughly a decade,

with mobile analog communications being the first generation (1G), between 1979

and mid-1980s [1]. At the time of writing this document, fifth generation (5G) of

mobile networks is being rolled out for widespread use. Continuous evolution is

crucial for both mobile networks and devices using them. Networking is as im-

portant to the infrastructure of a country as roads, being unable to support user

requirements or losing service can lead to dramatic consequences.

Since the adoption of mobile networks by the public, the number of active

users has continued to increase. According to the Ericsson Mobility Report [2],
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the number of active mobile subscriptions is 8.3 billion, which exceeds the global

population of approximately 8.02 billion. It should be noted that not all of these

subscriptions are unique, as it is estimated that about 60% of the population has a

mobile subscription. Furthermore, non-human users such as machines, sensors,

and vehicles are now being considered as active users of 5G cellular IoT net-

works. The report predicts that by 2028, the number of active cellular IoT devices

will double from 2.7 billion to 5.5 billion. Currently, the global network traffic

consumption stands at 146 exabytes (EB) per month. Despite the steady increase

in the total number of network users expected in the coming years, the network

traffic itself will experience exponential growth, reaching 452EB by 2028 [2]. This

is primarily due to the fact that phones are predominantly used for media con-

sumption, with only 13% of the traffic being attributed to text and voice usage.

The majority of the traffic consists of video and audio traffic, social networking,

and various software downloads. Additionally, multimedia applications, partic-

ularly virtual reality, are gaining consumer traction and are projected to increase

their market value by 15% [3]. Research in virtual reality is expected to pave

the way for augmented reality (AR) and mixed reality (XR) applications as well.

Since these applications have different network consumption profiles compared

to voice and text data, network service providers and equipment manufacturers

must seek novel solutions to address associated challenges. The conventional

distributed networks used in 4G LTE are no longer sufficient to meet the require-

ments of high bandwidth, coverage, and user experience. This has led to the

proposal of the Cloud Radio Access Network (C-RAN) architecture.

C-RAN is primarily a cell-based mobile network architecture that moves pro-

cessing from base stations, also known as evolved Node Bs (eNBs) into a central-

ized baseband unit (BBU) pool [4]. With most heavy computation taking place at

the BBU, remote radio head (RRH) units are used for radio reception and trans-

mission in a cell. These units convert between radio frequencies and baseband
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data, which is transmitted via a powerful fronthaul to the BBU. This network ar-

chitecture has been proved to reduce the overall network power consumption,

improve cell spectral efficiency [5] and for manufacturers, improve the service

time to market – how fast operators can deploy upgrades to the network infras-

tructure. The benefits for user experience are present, too. Cloud is capable of

caching data that users would like to access, which leads to reduced latency [6].

Because BBUs control many RRHs there are coordination solutions that can re-

duce inter-cell interference, leading to greater data rates experienced by individ-

ual users.

While C-RAN appears to have addressed the critical challenge of support-

ing novel applications that require low latency and high bandwidth, there are

still some outstanding issues with this architecture. The goal of improving data

rates for users extends beyond just enhancing the network architecture. Mobile

network stakeholders are now exploring new spectrum ranges, particularly car-

rier frequencies above 20GHz, known as mmWave spectrum [7]. Unlike the sub-

6GHz bands, mmWave is more susceptible to various path loss effects, including

attenuation caused by oxygen particles and rain. To mitigate these challenges,

the usage of massive multiple input multiple output (M-MIMO) is proposed. M-

MIMO utilizes a large number of antenna elements to amplify the signal gain

within a small angular area. However, it is important to note that M-MIMO re-

quires significant processing power and is also vulnerable to additional parasitic

effects, such as beam squint [8], depending on the hardware used. As a result of

the deployment of numerous remote radio heads (RRHs), a significant amount of

raw data will be transmitted over fronthaul links, particularly from RRHs sup-

porting M-MIMO antenna arrays. This substantial data volume cannot be over-

looked. In the absence of efficient methods for handling channel information,

there is a risk of introducing additional latency. Furthermore, the parasitic effects

and the requirements of beamforming algorithms in M-MIMO communications

necessitate additional processing, which further exacerbates the negative impact
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on user quality of service.

Open RAN (O-RAN) is a virtualised approach to C-RAN that has recently

been standardized by multiple vendors in parallel to third generation partner-

ship project (3GPP) [9]. By virtualising the C-RAN architecture it is possible to

unbind processing units in the BBU from specific RRHs. By doing this, BBU can

use the processors not in use by inactive RRHs to be used where there are heav-

ier loads[10]. Such virtualization is beneficial, as flexibility is needed to tackle

the challenges with C-RAN. Separating software from hardware also makes cell-

free communications possible [11]. Cell-free means that users experience no cell

boundaries during transmissions, with macro diversity leading to consistent data

rates across the radio deployment area, which is an issue with conventional cel-

lular networks. Since joint processing requires some coordination, cell-free net-

works inherently benefit from centralized RAN deployment, which benefits in

return from low-complexity processing.

Fog RAN (F-RAN) is a specific future deployment of O-RAN where general

purpose processors are deployed not only within the BBU, but also within the

RRHs, leading to a hybrid centralised-distributed network architecture [12]. Ad-

ditionally, RRHs can be equipped with caches, bringing computation and caching

closer to the users, solving network latency and fronthaul congestion issues that

are common in centralised-only architecture. This evolved smart and cache-cap-

able RRH is known as a fog access point (FAP). Since FAPs are equipped with

more powerful processors compared to its earlier generation counterpart, FAPs

are capable of performing some baseband radio processing tasks [13], and if they

are connected with each other through backhaul, they can perform cooperative

radio signal processing and radio resource management. Because the architecture

is a mixture of centralised and distributed architecture, the BBU is still capable of

performing tasks that require more processing power, leading to load balancing

across the network architecture. With load-balancing, low latency and fronthaul

alleviation, F-RAN improves the estimated channel accuracy and the data rates
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experienced by the users.

Since F-RAN relies on FAPs cooperating with each other, there are new chal-

lenges that need to be addressed before the architecture can fully realize its bene-

fits compared to C-RAN. The first issue is that, unlike centralized caching acces-

sible at the BBU, FAP caches are relatively small, and depending on the content,

the cache hit ratio can be low [14]. Additional algorithms are required to support

cache access and maximize the hit ratios for cached content. Another challenge to

address is the control of content caching locations. Furthermore, in F-RAN, which

is a cell-free architecture, multiple FAPs can collaborate to serve the same group

of users [15]. If each FAP has a large number of antennas, it is evident that this

can result in a combinatorial explosion of potential solutions when determining

which users are served by which FAPs. Therefore, it is crucial to develop effi-

cient algorithms that can quickly arrive at solution sets without compromising

the optimality of the solution.

It is already known that deep learning is capable of providing solutions to

difficult issues. Over the last 5 years machine learning and artificial intelligence

algorithms have become advanced enough to solve problems that require creativ-

ity and deep domain knowledge [16]. One of the most popular applications using

deep learning at the time of writing is ChatGPT, the application utilizes unsuper-

vised learning to teach a recurrent neural network how to perform any task that

is requested of it. Unsupervised learning, similar to supervised learning has to

learn from a data set. Closer to the domain of mobile communications there are

also many novel solutions that use supervised learning to achieve good results.

The issue with using such algorithms is that there is a heavy dependency on hav-

ing a large data set to learn from [17]. In the case of unsupervised or supervised

learning for general applications this data can be acquired with questionable in-

tegrity from various websites, infringing on copyrights of the existing content.

In mobile network applications using these algorithms introduces a novel limita-

tion. The solutions are only as viable or useful as the algorithm used to acquire
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the data set, the neural networks cannot find solutions better than what is avail-

able in the data set.

A way of breaking through the limitations of learning from data sets is to learn

by trial and error [18]. This can be achieved by deploying a learning algorithm in

an environment with no prior knowledge about it, providing it with data about

the current state of the environment, acquiring its output for action and sup-

plying it with the resulting data about the following state and a reward. This is

known as reinforcement learning (RL) [19] and the goal of this learning paradigm

is to extrapolate from all of its previous experiences and maximise the rewards.

While the most simple forms of RL problems are easily represented by Markov

decision processes (MDP) that can be easily solved using tabular methods and op-

timizing Bellman optimality equations[18], the problems that typically are seen

in mobile networks require a deep reinforcement learning (DRL) approach. DRL

algorithms are particularly interesting, as they can operate in environments with

fine-grained details, having tiny differences between different inputs in datasets.

What is more, by approximating Bellman optimality equations using neural net-

works, it becomes easy to create DRL agents that can understand the problem in a

general way. Generalisation is useful, as it explains what agents can expect from

state transitions even if they have not been in a particular state yet.

While DRL has many different approaches and can solve many problems it

has to be carefully tailored for each application. Single agent algorithms, where

an agent tries to maximise its reward in an environment with simple goals, have

been very well studied. There are many popular algorithms that tackle differ-

ent problems in single agent environments: Advantage Actor Critic (A2C) [20],

Deep Q-Network (DQN) [21], Double Deep Q-Network (DDQN) [22]. Multiple

agent learning is a lot more complicated. There is additional randomness and

uncertainty associated with the environment due to the fact that the additional

agents are learning simultaneously. This introduces a partial observability prob-

lem [23], that a lot of the previously mentioned algorithms cannot handle well. It
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becomes challenging for agents to learn in such environments without consider-

ing other agents’ impact, and maximizing its own reward can affect other agents

negatively. Regardless of where deep learning agents are deployed, at the net-

work side or the user side, mobile network reinforcement learning problems are

all multiple agent problems. To be able to utilise DRL in future generation mobile

networks, modifications to existing algorithms or novel algorithms have to be de-

veloped. With these motivations in mind, the objectives of the research presented

in the thesis will be discussed in the following section.

1.1.1 Objectives of the Research

Deep learning algorithms have been proposed for route optimization in fronthaul

for C-RAN [24] [25]. Because DRL can be very efficient in producing outputs, it

was shown to work well for ultra-reliable low latency (uRLLC) communications

as well as F-RAN under latency constraints. Previous studies did not acknowl-

edge that channel estimation is dependent on the speed of the Xhaul connecting

the network, latency affects the maximum achievable data rate of the system.

Additionally, they focus on the effects of a single source of delay, such as queue-

ing or propagation. It is not accurate to assume that either can be ignored, as a

combination of all sources can negatively affect the performance of a network.

So, in this thesis, firstly it is proposed to look at the C-RAN network through a com-

bined model of the RAN and Xhaul. For this network model, a DRL algorithm is sug-

gested to optimize the route selection and resource allocation with the goal of maximizing

experienced data rate. Using Flexible Ethernet (FlexE) for Xhaul enables the use of DRL

at each aggregation node. The use of DRL aims to accurately allocate resources by pre-

dicting network traffic states and adding or removing bandwidth from the links. In the

RAN, RUs use DRL agents to decide how to balance users and off-load them to other

groups of RUs which are experiencing lower Xhaul latency.

F-RAN has been proposed as a possible solution to fronthaul loading issues in
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C-RAN, by placing cooperative radio resource management and cell-free MIMO

at the edge of the network. User-FAP association is a mixed integer linear pro-

gramming problem, which is known to be NP-Hard. This problem is addressed

in [26] and [27]. However, these studies failed to address the limited cache is-

sue within FAPs. There are contents that cannot be cached and such interactive

content is also delay-sensitive. Due to these factors, solution sets for UE-FAP as-

sociation are exponentially large. Additionally, studies do not take into account

that due to latency requirements deep learning agents do not have time to ex-

change information prior to making a decision, which makes the environment a

POMDP.

Secondly the thesis presents an analysis of F-RAN as a POMDP. Because of the strict

latency constraints of future mobile networks, a fully observable MDP cannot be consid-

ered. In such environments, agents have to be able to predict how other agents deployed

in the same environment would behave under a given observation. Low complexity algo-

rithms and conventional DDQN fail to converge to a good solution.

From the above, because individual DDQN algorithms fail to adapt to a POMDP

efficiently, the thesis proposes to implement a novel multi agent DDQN algorithm as a

third contribution. This algorithm uses experience exchange to improve off-policy learn-

ing by introducing a diverse set of experiences to learn from. The proposed algorithm is

deployed in an environment that models F-RAN with multiple FAPs and a large number

of UEs making random requests. Its goal is to maximise the number of users that can

be served successfully while optimising network KPIs such as power consumption and

user latency. The solution is analysed for both training-related performance as well as

practical performance.

Network performance has limited improvement when only one objective is

being optimized at a time. When the caches are static and cache selection is opti-

mal, or on the other end of the spectrum, if the cache management is smart and

cache selection is random, the cache-hit ratio is limited. In [14] authors addressed
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cache management by using a tabular Q-learning RL method, under the assump-

tion of random user association, whereas [28] studied user association using a

hard-coded two step algorithm. These studies showed good results, but it is hard

to judge the optimality of the solutions, since their optimality can depend on the

performance of the other algorithm. This is notably mentioned in [29] in which

a tabular RL method is used to select which services to cache at the edge and

using a low complexity method to guide requests to adjacent edge computing

nodes or the cloud. Some practical issues are ignored in the aforementioned pa-

pers. When FAPs are used to run services, there are memory and CPU limitations

which were not considered. What is more, in [29] the states of adjacent nodes are

ignored, which could result in reduced quality of service. It is clear why, consid-

ering this extra information leads to a complex problem that is difficult to solve

using hard-coded or tabular algorithms.

Motivated by this, as a fourth objective, a study is performed on how efficient deep

learning algorithms can optimize multiple objectives at the same time. A two step op-

timisation algorithm is developed, which utilizes the CU to synchronize data available

to the FAPs and performs cache management in the first step and cache selection in the

second. Since CU is providing the observations to each FAP, they are aware of some states

of their adjacent FAPs, however they don’t see the entire network state, which makes this

a POMDP problem. The thesis proposes an extension to the MADDQN algorithm to

select experiences in a focused manner by analysing which experiences the agent strug-

gled to predict accurately and requesting other agents to provide similar state transition

experiences.

Using these objectives as motivation, the contributions of the thesis are sum-

marised in the next subsection.

1.1.2 Contributions of the Thesis

This thesis provides the following significant contributions:
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• A deep reinforcement learning algorithm for C-RAN path selection and

load balancing. The method is applied to an environment modelled after

a joint RAN and Xhaul network. By efficiently allocating bandwidth to the

Xhaul, latency is reduced, which maximises the possible achievable sum-

rate by the RAN, due to an accurate channel estimation. The method aims

to not over-allocate resources as it would lead to greater operational expen-

ditures, the RAN maximises its performance by off-loading users between

RU groups to both reduce the channel estimation latency and to maximise

the number of users served.

• An analysis of F-RAN as a POMDP. Due to latency constraints, a fully ob-

servable MDP may not be available, as such, the thesis presents an analysis

which is reproducible and can be used as an environment to study multi-

agent deep learning algorithm performance.

• A multi-agent DDQN algorithm that uses naive experience exchange be-

tween multiple agents to improve system performance. In the thesis this

algorithm is used to make UE-FAP association decisions at the FAP. Because

DRL algorithms are agnostic to constraints, additional algorithms have to

be employed to enforce them, this is included in the thesis.

• A multi-step solution using MADDQN with focused experience exchange is

used to optimize multiple objectives simultaneously. In the first step, agents

using MADDQN algorithm place in-demand services in the cache, while in

the second step, agents perform cache selection. During the cache selection

phase, users make service requests to the fog and agents make decisions

whether to serve them themselves or to off-load them to other FAPs which

would have resources for the operation. In this phase agents also collect

information for the first step.
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1.2 Thesis Outline

The rest of the thesis is composed as follows:

Background literature and state of the art in the field are presented in Chap-

ter 2. In this chapter cell-based and cell-free network architectures are introduced.

The introduction includes both the overview of these architectures as well as their

benefits and limitations. Reinforcement learning is attractive as it can support

novel radio network architectures, a brief introduction to reinforcement learning

is provided. Due to performance limitations of pure reinforcement learning, deep

reinforcement learning has been important in recent studies and is introduced in

the chapter. Finally, it will present state of the art applications of deep reinforce-

ment learning in mobile network applications.

Chapter 3 offers a DRL solution for a latency constrained C-RAN environ-

ment. The chapter models a RAN/Xhaul network which uses FlexE links for

the fronthaul. In the Xhaul, an agent is placed in each FlexE aggregation node,

to control the FlexE calendar and allocate slots to links. The goal is to provide

just enough resources for the links, as over-allocations are wasting resources and

under-allocations lead to queueing and reduced performance. A separate con-

troller agent controls the loading on RU groups in the RAN, as additional load is

introduced on the links that are used in the fronthaul. The results are discussed

and compared with an algorithm that uses statistical data to allocate resources.

Chapter 4 will introduce the F-RAN environment as a POMDP. Due to a unique

environment configuration a new solution must be provided. As such a solution

for a user-FAP association problem using a novel multiple-agent double deep Q-

network algorithm is introduced. The performance of this algorithm is compared

to independent double deep Q-network algorithm. The comparison of the two

algorithms is studied for both practical metrics as well as deep learning specific

results.

Chapter 5 presents an multiple step algorithm based on MADDQN to solve a
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joint cache population and service selection problem. This problem is described

as a capacitated facility location problem (CFLP). CFLP is proven to be NP-hard,

due to the combined nature of the solution it is a complex task that cannot be

easily solved with greedy or disjointed algorithms that optimize a single objective

at a time. Results of the proposed algorithm versus another deep learning-based

algorithm are presented.

Finally, Chapter 6 concludes the contributions of the thesis and presents pos-

sible future work that the thesis is a baseline for.
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Chapter 2

Background Study and Literature

Review

2.1 Network Architectures

2.1.1 Cell-based Radio Access Networks

Cellular deployment

When the first commercial mobile network launched in 1979, it was a cellular net-

work. A cell is one of the most fundamental entities in RAN [30], as it defines the

effective area of communications from a radio unit or base station. Commonly,

cells are represented as hexagons, more realistically, the shape of a cell is depen-

dent on the geographic topology and channel conditions. Compared to a single-

transmitter network, cell-based communications have a few advantages: smaller

area communications, which need less power and can utilize more frequency re-

sources, to increase network coverage additional base stations can be deployed

to create new cells. Typically, base stations are deployed with some cell boundary

overlap to support smooth handovers between cells, but if base station cells are

close and they share the same frequency they can cause significant interference to

each others’ users.

To avoid inter-cell interference, frequency reuse was suggested. By choosing a

frequency reuse factor a pattern in cell deployment can be generated to minimise
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FIGURE 2.1: A distributed RAN (D-RAN) system with Frequency
Reuse factor of 3.

the interference between cells that share the same frequency, as shown in Figure

2.1. This also leads to a higher capacity in the system, as users can call on the same

frequency, if the closest base station does not have the frequency available, the

second nearest can be used. This was called resource borrowing and there were

supervisors, such as the mobile switching center (MSC), that prevent resources

from being borrowed in a cell that is also under heavy utilisation.

Distributed Radio Access Networks

Cell-based RAN is implemented as distributed RAN (D-RAN), which has been

used for a couple of decades. D-RAN is an umbrella architecture term that en-

compasses GSM, E-UTRA and LTE [31]. In this architecture the base station is

composed of an RRH and a BBU. The RRH is responsible for transmitting, receiv-

ing and converting digital and analog signals, whereas the BBU is used for digital

processing. In these networks, it is common that one user equipment (UE) con-

nects to one base station. Since the initial uses for mobile networks were to handle
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voice calls, a data use-case that can require between 10-100 kilobits per second

(kb/s) [30], the D-RAN architecture was great as it provided enough threshold

signal to noise ratio to support this application. However, as the network require-

ments are becoming greater due to emerging applications, there have been few

innovations that could improve the network performance over the entire range

of the cell.

The first innovation was spectrum utilization. As mobile networks got data

traffic demands, standards required more spectrum to meet them. GSM, also

known as 2G, the first data traffic enabled standard increased the channel band-

width from 30kHz to 200kHz. With user requirements increasing, 3G introduced

5MHz channels using WCDMA and in 4G LTE the channel can be up to 20MHz.

As data traffic demands are increasing rapidly, the current frequency spectrum is

starting to get crowded for sub-6GHz frequencies. For future mobile communica-

tions mmWave communications are being proposed which will utilise spectrum

far beyond the current range, by targeting frequencies over 30GHz with single-

channel bandwidths as high as 250MHz and total aggregated channel bandwidth

of 1.75GHz.

The second innovation was densified networks. By increasing the number

of base stations that are deployed in a single area the number of served users

could be increased. To support denser networks, cell sizes had to be reduced by

decreasing the transmit power of base stations. In turn, because the cell sizes are

smaller, users are much closer to base stations, which improves link quality and

the resulting data rates. The significant difference in network evolution is that

as small-cells were used for network off-loading, in 4G they are an important

component of the D-RAN architecture, creating a heterogeneous network which

uses large and small-cells to tackle traffic loads.

The third innovation was an increase in the number of antennas and direc-

tional transmission. The benefit of this is two-fold. As the frequency spectrum

increases towards mmWave communications, it is difficult to implement a mobile
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network that can support cells of the same size as sub-6GHz. Because of path-loss

that is significantly greater than sub-6GHz, due to penetration losses, absorption

by gas particles and rainfall effects, high directionality produced by a large num-

ber of antennas can mitigate the effect. Additionally, as the number of antennas

increases, with digital and analog processing arrays produce high-gain beams,

which introduces an additional resource which can be used to serve more users.

Indeed, through the use of multi-user MIMO, the same frequency resource can

be allocated to many different beams, increasing the overall network capacity.

This architecture still has several limitations. The first one is limited capacity,

as a result of the limited number of resources that are available for use. When

all of the available channels are utilized additional users cannot be served. The

coverage of D-RAN is another issue and is limited by the range of a base station.

When a user moves between base stations a handover must take place. Han-

dovers can result in calls being dropped or service being interrupted. Mobile

operators are also under pressure due to increasing operational expenditures. D-

RAN is deployed to support peak-time traffic, so when the traffic is off-peak,

available resources are not used, leading to a waste of resources.

Centralised Radio Access Networks

Some of the issues of D-RAN can be solved by creating a centralised radio access

network. By deploying the RRH close to the user to transmit and receive signals,

the BBU can be set-up far away connected via common public radio interface

(CPRI) and oversee the network remotely, as shown in Figure 2.2. When applied

to many different cells, there remains one central location with a BBU pool, which

communicates with many RRHs that are serving their respective cells. Without

performing any virtualisation, centralised RAN can control RRHs to tackle traffic

on-demand. There is no longer a need to maintain peak-hour traffic for the entire

operational run-time. As the traffic requirements change, BBU pool can adapt by
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FIGURE 2.2: An example of centralised RAN with a BBU pool serv-
ing multiple cells.

using the resources of inactive cells to support the cells that are experiencing high

traffic.

Because centralised RAN controls many RRHs, which can be adjacent the

available resource problem can be addressed as well. With coordination within

the BBU pool, RRHs can be aligned to share spectrum resources [32] as well as

reduce interference between each other [33]. Additionally, inactive RRHs can be

switched off [10], which is a power-saving measure as well as a method of con-

trolling interference, especially at the edges of the cell. Finally, moving between

cell-sites leads to less service drops, as the BBU pool has superior mobility man-

agement, by coordinating the handover between different RRHs.

Although there are benefits of implementing centralised RAN, it is difficult to

implement. One of the key components of C-RAN is Xhaul, the underlying net-

work composed of fronthaul, midhaul and backhaul. More research is needed to

address challenges in the Xhaul, to improve latency and resource utilization, as

well as addressing the operational expenditures of running centralised RAN. One

of the more attractive implementations of centralised RAN is cloud RAN, which

is based on the concept of virtualisation, running on general purpose hardware,
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rather than purpose built. As general purpose hardware can have varying re-

sources, efficient algorithms have to be developed to support centralisation.

Coordinated Multipoint Communication

One important feature for centralised RAN is known as coordinated multipoint

(CoMP) transmission [34]. Introduced in 3rd generation partnership project (3GPP)

Release 9, CoMP is a method to tackle the growing traffic requirements. One of

the biggest challenges in the physical layer is serving users at the cell edge at a

satisfactory quality of service. Users at the cell edge create a unique scenario as

they are affected by very high interference from other cells and due to the high

distance from the base station of their own cell. At a high level, using CoMP mul-

tiple base stations can serve a single UE which not only mitigates interference,

but elevates the possible data rates experienced by the cell-edge user.

There are a couple of different approaches to base station coordination [35]:

• Centralized coordination is controlled by the BBU pool. By collecting the

necessary channel state information (CSI) and user information the BBU

pool can perform advanced scheduling and processing. This in turn allows

for significantly reduced inter-cell interference. One of the most significant

challenges for this implementation is the high fronthaul delay.

• Distributed coordination is performed by linking the distributed units (DUs)

via an Xn or an enhanced X2 interface as shown in [36], following the ETSI

terminology, the thesis refers to this as a backhaul link [37]. Neighbour-

ing RRHs can perform exchange of CSI to facilitate joint transmission, as in

[38]. Typically in this approach, one of the eNBs takes the role of the pri-

mary eNB, taking on the resource management tasks and communicating

with the centralised unit, while the other eNBs are secondary.

CoMP has many different implementation schemes, for both uplink and down-

link communication. In this thesis joint processing (JP-CoMP) is adopted. Joint
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processing is further divided into two types: joint transmission (JT), and dynamic

point selection [35]. In support for the thesis joint transmission is further ex-

plained. Each cooperating base station receives CSI, such as channel quality, pre-

coding matrix and rank information from the user, and they handle it mutually.

With this, various cells can transmit the same data to the user. Since the data is

the same, it is said that the user experiences power and signal-to-noise ratio gains,

which improve the quality of service. JT can be achieved by introducing an ad-

ditional logical layer to the network, the DU. With centralised coordination, the

DUs are controlled via CU, whereas user data transmission happens by routing

data through the primary DU to the secondary DUs.

2.1.2 Cell-free Radio Access Networks

Based on the concept of CoMP a new communications paradigm can be explored.

Rather than serving users in pre-determined cells, remove the area limitation of

network and use CoMP mechanisms to jointly serve users as long as they are

within reach of an RU, this is known as a cell-free network [39]. Architecturally,

the cell-free network is similar to cell-based, i.e. access points or RUs are located

at the edge, close to the user, while there are processors, also known as DUs con-

nected to the central unit (CU) [40]. The difference between cell-based and cell-

free is theoretically invisible to the user, as most changes affect the infrastructure

and signal processing at the network. Two specific network architectures can be

applied to implement cell-free RAN: C-RAN and F-RAN.

Cloud Radio Access Networks

To tackle centralised RAN requirements, network functions can be virtualised.

Virtualisation is achieved by abstracting hardware resources in a way that many

different applications can share one piece of hardware [31]. A common example

of virtualisation is in operating systems, a single storage device, such as a hard
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disk drive can be partitioned into many different drives for varying functions.

Such partitioning does not create new hard disk drives, but virtually they are

accessed as separate locations. The process of virtualisation in RAN applies to

all of the layers of the RAN architecture, the central unit (CU), the distributed

unit (DU) and the radio unit (RU). Just as storage or processing can be virtualised

so can the network and the radio resources. As stated at the start, C-RAN is

a centralised RAN architecture, this means that the benefits of centralised RAN

apply to C-RAN as well.

Different from rigid centralised RAN, C-RAN supports heterogeneous net-

work architectures that integrate different types of RRHs, such as macrocells,

small cells and massive MIMO arrays, thus providing seamless and ubiquitous

connectivity to users. Another significant benefit is the scalability and cost-effect-

iveness of C-RAN [35]. Due to virtualisation and use of general purpose pro-

cessors (GPPs), C-RAN deployment incurs lower CAPEX and OPEX, allowing

operators to meet consumer demands by acquiring more GPPs and simply plug-

ging them in, versus planning, buying and deploying a full cell. It also introduces

a high reliability into the network. As resources are virtualised, it does not matter

if the physical hardware fails, as it can be easily replaced by another functional

hardware and since everything is managed from a single cluster, recovery and

robustness can be easily automated.

As C-RAN is becoming standardized and well-studied, there are multiple

challenges that are widespread in literature:

• Latency requirements are a major issue, mobile network evolution require-

ments are placing stringent constraints on the mobile network systems. It

can be easy to see that in order to provide service to a user, the data signal

has to traverse large distances, both physically and logically. Compared to

distributed networks, there are additional processing requirements and the

network is composed of multiple hops before it reaches the BBU. This is one

of the key aspects that is being addressed in research [41], [42].
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• Data rate requirements at fronthaul: since fronthaul has to handle both user

data as well as the necessary CSI it is important to have physical links ca-

pable of supporting these large requirements. Optical fiber is one of the

enablers for such fronthaul transmission. On one hand this is can be a sig-

nificant expense for mobile network providers that do not own optical fiber

infrastructure. On the other hand it may not be necessary to implement

optical fiber as solutions are being developed to compress the data that tra-

verses the links. Another suggestion is to replace conventional common

public radio interface (CPRI) links with other technologies, such as FlexE.

Fog Radio Access Networks

Fog radio access networks (F-RANs) are a novel network architecture that com-

bines fog computing and radio access networks (RANs) [12] to provide low-

latency, high-reliability and energy-efficient wireless services for the fifth genera-

tion (5G) and beyond [43]. F-RANs evolve the architecture of C-RAN by replac-

ing the RRH with a computationally more powerful FAP to form a hybrid dis-

tributed and centralised architecture. FAPs are connected to the core network via

fronthaul links. FAPs are edge devices that perform signal processing, caching,

computation offloading and network management functions.

Caching and computation offloading are achieved in literature by introduc-

ing a content-centric network (CCN) layer between application and packet data

convergence protocol layers [44]. Instead of reading the host address, it reads

the content identification and uses each node in the network as an in-network

cache. [44] provides additional information of how content requests with mobile

network caching work. Additionally, in [45] an example method for coordination

of FAPs under a content request is provided, by using an edge node to perform

some centralisation functionality. However, in F-RAN BBU pool still provides

global coordination and resource allocation for FAP groups.
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By moving some of the signal processing, caching and computation tasks from

centralised servers to FAPs, F-RANs can reduce the end-to-end delay and im-

prove the quality of service for latency-sensitive applications such as augmented

reality, virtual reality and online gaming [15]. By exploiting the diversity and re-

dundancy of FAPs and RRHs, F-RANs can enhance the robustness and resilience

of wireless communications against channel fading, interference, congestion and

failures [26]. By optimizing the resource allocation and power consumption of

FAPs and RRHs, F-RANs can reduce the energy cost and carbon footprint of wire-

less networks.

A unique feature of F-RAN is that of multiple transmission modes [12]. By

fully utilising cell-free communication via joint transmission, F-RAN supports

both centralised and distributed communication. When FAPs are connected to

each other, they can perform joint transmission via coordinated radio resource

management [45]. The link that would be used is not standardized, but it should

be able to transport user plane data between FAPs and perform some X2 interface

coordination functionality. If the area of communications is large and FAPs are

not interconnected, the underlying cloud radio access network can perform the

necessary coordination [46]. Cloud coordination can also be used when a user

requests data that is not available at the fog layer. This makes the network flexible

to different data traffic requirements.

F-RANs also face some challenges, such as mobility management, interference

mitigation and resource optimization [12]. As users move across different FAPs,

F-RANs need to handle the handover, load balancing and user association issues

efficiently and seamlessly. As multiple FAPs share the same spectrum, F-RANs

need to coordinate the transmission and reception of signals among FAPs to avoid

or minimize interference. As FAPs have limited resources such as storage, com-

putation and bandwidth, F-RANs need to allocate these resources among FAPs

dynamically and adaptively according to the network conditions and user de-

mands.
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In summary, F-RANs are a promising network architecture for 5G and be-

yond that can provide low-latency, high-reliability and energy-efficient wireless

services. However, there are still many open issues and future trends in F-RANs

that need further investigation and exploration.

2.2 Machine Learning

In this subsection, machine learning is described in general. Supervised and un-

supervised learning are introduced here as well. Using this subsection the thesis

aims to broadly explain the literature behind these two learning paradigms. By

looking at them critically, it will be explained why neither learning method ap-

plies well for mobile network deployments.

Machine learning, or artificial intelligence, was first developed by [47]. In the

work, artifical neural networks are described for the first time, in which neurons

would be "turned on" or "turned off" depending on a stimulation from an in-

put which came from adjacent neurons. This work showed that it is possible to

map any computable function to a solution by using an artificial neural network.

This neural network had one drawback - it could not learn. Donald Hebb imple-

mented the first updating neural network [48], which used a mathematical rule

to change the strength of connection between neurons.

Machine learning is a method of soft computing. Instead of hard-coding a

solution to a problem, the goal is to deploy a method that can approximate a

solution over time [49]. Similar to how humans learn, machines can get knowl-

edge by observing example inputs and outputs and making predictions for not

yet seen inputs and outputs. However, it is rare for machines to develop general

knowledge over a subject and extrapolation is very nearly impossible for classi-

cal machine learning. Instead, patterns can be discovered for a lot of the data and

there are ways to fit predictions along a line, an area, or a cluster. Patterns ex-

ist in mobile networks, as channels are representative of environments and there
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are many similar environments where mobile networks can be deployed. Addi-

tionally, many patterns are time-based, networks see the biggest increases in data

consumption in the morning and at night, when people are engaging with media

the most.

Supervised Learning

Supervised learning is one of the main subsets of machine learning. Using clearly

labelled examples and feeding them into an approximation function or, more

commonly, a neural network, agents can learn to predict an output for a new

example with high confidence. This is the most popular method of learning to

date and is used in most popular every day applications, such as generative AI.

Since supervised learning is a broad field, there are many ways to implement it,

for example:

• Decision trees [50] are the rudimentary approach. Learning is done by

analysing the features and creating a tree with the shortest path to a solu-

tion. This can be achieved by choosing the most impactful feature to make

a decision on as the top node and further divide the problem into a list of

recursive sub-problems.

• Naive Bayes classifiers [51] are a family of algorithms and methods that

derive a probabilistic model for the input data to produce output data. Ex-

amples are presented split into two parts, the feature data and a response

vector. By processing the examples and finding out the probability of mak-

ing a decision for independent features, the algorithm can make a decision

for combinations of inputs it hasn’t seen before.

• Support vector machines (SVM) [52] are the most popular approach to non-

neural network supervised learning. Similar to decision trees, the idea for

SVM is to find a split in the data. The split concept is known as a maximum
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margin separator, a boundary that is equally spaced between all examples,

as a result generalising the possible classification.

There have been applications developed using supervised learning in mobile

networks. In [53] an SVM approach is used to determine the direction of arrival

for an antenna array. Using supervised learning with training examples achieved

by implementing MUSIC [54], the system is capable of detecting angles of arrival

with high accuracy, although suboptimal compared to MUSIC. Similarly, SVM is

used in [55], by using user location information as a feature vector and the cor-

responding beam as a fitting label. Trained by using a two-step beam sweeping

method to generate examples, the algorithm finds a way to separate the different

user locations to allocate a beam with a high degree of accuracy, but does not

reach the optimum performance of the parent algorithm.

The main drawback of this type of learning is that the data has to be clearly la-

belled from the beginning and the data sets required to teach such algorithms are

very large. There are options of using online-offline learning, using which new

data, including a label, gets generated during run-time. Solutions from such al-

gorithms are only beneficial for learning from the most accurate algorithms when

trying to reduce execution time. Supervised learning is commonly only as good

as the data it learns from.

Unsupervised Learning

Unsupervised learning is a type of learning that does not need clearly labelled

examples, but relies on expert knowledge to draw conclusions on the outputs.

By providing the features of whatever data is present, unsupervised learning can

create clusters of similar data. Alternatively it can create associations between

data, e.g. for one chosen item, find a fitting match. Unsupervised learning is

useful for finding patterns in data that is not initially clear. The approaches com-

monly used for unsupervised learning are as follows:
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• K-means clustering [56] is a method that collects samples together around

other similar samples. The letter K is representative of how many centroids,

points that are statistical averages of the cluster, there are around which the

samples should be clustered. The aim of the algorithm is to find where those

centroids would be for the provided dataset.

• Isolation forest [57] is a method for detecting anomalies in data. This algo-

rithm analyses the dataset by partitioning it, aiming to isolate any points on

the graph. The less partitions it takes to isolate any given point the more

likely it is to be an anomaly. This algorithm provides additional informa-

tion to people monitoring data by means of giving a score to a given input,

a high score means data is more likely to be an anomaly.

Unsupervised learning has been used as a method for power control and al-

location in C-RAN [58]. In this paper, without knowing a lot about the environ-

ment, the neural network could group channel statistics to output desired power

levels to combat slow fading. The benefit of the solution is that it does not base

its performance on a parent algorithm, the way that supervised learning does.

In [59] anomaly detection in LTE is presented. In the work, authors present a

process for processing the data, extracting KPIs of the network and choosing the

reference point from which to judge anomalies. The framework uses K-means

to model the dataset and a three sigma rule to judge a data point’s likelihood of

being an anomaly. The framework aids in detecting anomalies and provides a

visual output of when an anomaly spike is likely.

The significant drawback of this method is that the neural network only out-

puts which grouping a data sample likely belongs to or how likely it is to be

an anomaly. It is up to the expert generating the solution to decide what to do

with this grouping output. Additionally, if there are new groups introduced, the

training process has to be restarted from the beginning.
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2.2.1 Reinforcement Learning

Reinforcement learning (RL) is an area of machine learning that deals with how

agents should act in an environment to maximize a reward [19]. RL agents learn

from their own experience and feedback, without explicit supervision or labels. It

is also unlike unsupervised learning, since the goal of unsupervised learning is to

find structure in data, while RL tries to find fitting actions to maximise a reward.

This is commonly done by solving Bellman optimality equations, first introduced

by Richard Bellman. Once these non-linear equations are solved, the agent can

act optimally in the environment. This applies to any environment that the agent

can be deployed in.

Reinforcement learning is composed of these main elements:

• Policy, which is how an agent will act. Typically, this is an agent’s reaction

to an input. In practice it can range between a table, an approximation

function, a search process. In more novel adaptations the policy can be

represented as a neural network. The policy is known to be the core of

reinforcement learning. Policies can be stochastic or deterministic, in case

of stochastic policies, they show the probability of agent taking a specific

action, while in deterministic policies, there is only one action chosen for a

given state.

• Reward is what gives the method its name. It is how the agent can un-

derstand the environment and its actions through reinforcement. A reward

signal is produced when an agent makes a decision in a state. Since the pri-

mary goal of the reinforcement learning agent is to maximize the reward, it

directly impacts how the policy develops over time. When an agent makes

a decision that provides a low reward (negative reinforcement), it will be

more likely to choose an action that will give a higher reward (positive re-

inforcement) in a similar state.
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• Value is the last significant component of reinforcement learning. Generally

speaking, the value is taking into account the sum of all the possible rewards

from a given state. This allows the agent to have some foresight when solv-

ing a problem. After replaying over the environment many times, the agent

can predict how the current decision will impact all future decisions. In a

concrete example, sometimes a greedy decision may yield a high reward,

but the following best rewards will be low, but a worse decision at the same

state could lead to high rewards in every following state. By optimising for

the value, the agent would choose the worse decision with good following

rewards.

• In the case of model-based learning, there is an additional component – the

model. A model is a representation of the environment that the RL agent is

deployed in. Using a model the agent can predict how the environment will

behave, which is beneficial for planning and making complex decisions.

The model can be known a priori, as a static probability distribution of state

transitions or it can be learned, by adjusting the probability distribution as

the environment plays out.

One of the most important concepts for RL is a Markov decision process

(MDP). It is a mathematical formulation of solving a problem by learning about

it. In RL, MDPs are composed of an agent and an environment, as shown in Fig.

FIGURE 2.3: A Markov decision process showing interactions be-
tween the agent and a state
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2.3. The definitions are straightforward, the agent is whatever entity is acting and

making decisions. An environment is an entity from which the agent can get ob-

servations from and interact with. The entities interact with each other in a loop:

the environment presents observations to which the agent reacts and makes ac-

tions, in return the environment presents new observations and the outcome of

the previous action as a reward.

RL agents can adapt to complex and dynamic situations, and solve problems

that require long-term planning and exploration. If a problem is being solved

with planning, it is called model-based learning. In this method algorithms use a

model of the environment, which can be either formulated a priori or learned by

the agent, to plan ahead and improve the policy. Examples are dynamic program-

ming, Monte Carlo tree search, and model predictive control. The opposite of this

is model-free learning, such algorithms do not use a model of the environment,

but learn directly from experience. This can be called true trial and error learn-

ing. Common model-free algorithms are Q-learning, SARSA, and policy gradient

methods.

Model-free learning

Model-free RL is an important branch of reinforcement learning. While many ap-

plications can be solved using exact tabular methods with finite, small-to-medium

sized search spaces, a lot of applications cannot. When the state can’t be defined

by discrete variables, it becomes continuous. This makes the search space grow

indefinitely large. For such state spaces it is impossible to find an optimal solu-

tion. Considering that there is a very large amount of possible inputs, the issue is

not the physical resources required to store them, rather it is understanding how

to map them correctly; every time a state transition occurs, it is likely that the

agent has not visited the new state before.

Generalisation is what helps RL make sense of a continuous environment.

While states that the agent visits have never been seen before, some previously
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visited states are similar enough to approximate a solution. And from this, a set

of model-free RL methods are called approximate solution methods. This means

that it is possible to take examples of the value function from previous results and

apply them to create a solution which approximates the complete value function.

Algorithms that are capable of such learning split into on-policy and off-policy,

also known as action-value methods. Their use of policy for learning is an impor-

tant distinction. On-policy algorithms learn directly from actions being made by

the current policy, the agent makes decisions assuming the current policy will

continue to be followed. Off-policy algorithms instead focus on what the value

of the next state will be if a greedy policy will be followed, hence the current

policy does not determine the future outcomes.

Off-policy algorithms are currently the most popular and were one of the first

ones to be introduced for model-free learning. Q-learning [49] is the most famous

off-policy algorithm and is researched in the most depth. Many modifications are

readily available that improve the variance in the observed value of the approx-

imations as well as improving the convergence of the algorithm. The algorithm

itself is based on learning the Q-value. From the earlier definition of value, Q-

value is the expected reward of taking a value while being in a certain state. This

is evaluated by predicting the reward of taking an action and adding it to the pos-

sible upcoming rewards if a greedy action is taken. Since the greedy action is not

considered to be a part of the policy, this algorithm creates the name off-policy

learning.

SARSA is one of the most famous modifications to Q-learning. Proposed in

[60], the algorithm is an improvement on classical Q-learning. SARSA aims to

improve the convergence of Q-learning by focusing on the possible rewards if

the current policy keeps being followed. In [60] it is argued that traditional Q-

learning assumes wrong rewards from the very beginning, as there is no knowl-

edge of states available and as learning continues, it overestimates the possible

rewards. To solve this, a probability of taking all actions for the current state is
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necessary, this reduces the over-estimation of the value of taking an action in a

state, which in return stabilizes learning. Since the probability of taking all ac-

tions is based on the current policy this algorithm is known as on-policy.

In addition to action-value methods, policy gradient methods are also used.

Particularly useful for continuous states and actions, policy gradient methods are

usually used in control tasks. These algorithms learn the policy parameter, that

is the optimal probability distribution of taking a certain action for a provided

state. A value function can still be used to learn the policy, but it is not used to

select the value. Actor-Critic algorithm [61] is one of the best examples of this.

In this algorithm, an actor implements a stochastic policy, using which it chooses

actions with some probability, determined by the policy. The critic, which is a

model-based reinforcement learning algorithm, determines how good the actions

taken by the actor are. The actor uses the responses from the critic to improve its

policy. Since the critic provides a gradient response which is used to update the

policy, actor-critic is known as a policy-gradient method.

Open problems of RL

While reinforcement learning solves a lot of challenges that can come with opti-

misation problems, there are also new challenges to overcome, which introduce

new research on a consistent basis. Some of the challenges and open problems in

RL are:

• Exploration-exploitation trade-off [62]: RL agents can be deployed in envi-

ronments that are expected to change and evolve. A challenge that has to

be solved is how to balance between trying new actions to discover better

ones, and exploiting the current knowledge to maximize the reward.

• Partial observability [63]: due to environment limitations a full state might

not be available to the RL agent. Fully observable MDP assumptions do not

fully apply to such scenarios. In addition to this, there is new uncertainty
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that agents have to deal with. Methods need to be developed to deal with

situations where the agent cannot access the full state of the environment,

but only some observations or features.

• Multi-agent systems [64]: studying mobile networks in particular, many en-

vironments that researchers are faced with are multi-agent. In such systems,

multiple RL agents are deployed in the same environment and share or

compete for the same resources. In such environments the additional com-

plexity requires modifications to existing algorithms to ensure that agents

are coordinated and can benefit the system.

2.3 DRL Applications in Mobile Networks

Deep reinforcement learning (DRL) is a combination of reinforcement learning

and deep learning that can solve complex control and decision-making problems

in dynamic and uncertain environments. DRL has been applied to various do-

mains such as computer games, robotics, natural language processing, and com-

puter vision. The algorithms that are used to represent deep reinforcement learn-

ing are Double Deep Q-Network (DDQN) [22] and Advantage Actor Critic (A2C)

[20].

DDQN is a deep neural network approach to Q-learning, useful for discrete

or continuous inputs, but only discrete actions, such as discrete control tasks or

resource allocation. It is termed as double because it uses an estimation network

and a target network [22], both of which are used to learn about the environment.

It uses two networks with the aim of combating overestimation that is common

for Q-learning. Rather than estimating the possible value by only using the es-

timation network, the greedy policy is still estimated by the estimation network,

while the target network is estimating the value of this policy. While estimation
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network is the one that learns consistently with each interaction, the target net-

work must be updated periodically. Target network update frequency is an open

challenge and requires careful optimisation for the best results.

A2C is an algorithm that is best used in environments where both the inputs

and outputs are continuous, such as continuous manipulation and locomotion

[20]. A2C is similar to DDQN in a sense that multiple neural networks are used,

one for estimating the policy of the network and one to estimate the value of this

policy for a given state. However, instead of replaying experiences, multiple actor

neural networks are deployed on multiple separate instances of the environment,

from which they all learn together, as they experience different states at the same

time. The algorithm also shows a lot of practical benefits, as both the actors and

the critic can be relatively small compared to networks used in DDQN, which

improves the execution speed and does not use as many resources.

From the previous, DRL has several benefits over conventional RL [65], such

as:

• DRL can handle high-dimensional and complex state and action spaces,

which are common in real-world problems such as robotics, games, and

natural language processing.

• DRL can learn from raw sensory inputs, such as images or sounds, without

requiring handcrafted features or domain knowledge.

• DRL can leverage transfer learning and meta-learning to generalize across

tasks and domains, and to adapt to new environments and situations.

• DRL can incorporate prior knowledge and constraints into the learning pro-

cess, such as human demonstrations, expert feedback, or safety rules.
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Further in this section, the focus is on the applications of DRL in mobile net-

works, especially for 5G and beyond. Mobile networks are facing many chal-

lenges such as increasing data traffic, diverse service requirements, heteroge-

neous network architectures, and limited spectrum resources [39]. To cope with

these challenges, mobile networks need to be more intelligent, adaptive, and au-

tonomous. DRL can provide a promising solution for mobile networks by en-

abling network entities (such as base stations, users, devices, etc.) to learn from

their interactions with the environment and optimize their actions accordingly

[61]. The following subsections outline the on-going research in usage of DRL

applications in mobile networks.

2.3.1 Dynamic network access

DRL can help network entities to select the best access point or frequency band

based on their current state and network conditions [66], [67]. For example, DRL

can be used to implement cognitive radio systems that can dynamically access

the spectrum without interfering with licensed users.

2.3.2 Resource control

DRL can help network entities to adjust their transmission rate or power based on

their channel quality and network congestion [68], [69]. For example, in [68] DRL

can be used to predict network conditions and adjust the power of transmitters

proactively.

2.3.3 Wireless caching

DRL can help network entities to decide what content to cache locally or prefetch

from the network based on their popularity and demand [65]. For example, DRL

can be used to implement proactive caching strategies that can reduce the latency

and bandwidth consumption of content delivery.
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2.3.4 Data offloading

DRL can help network entities to decide when and how to offload their data to

other devices or networks based on their energy consumption and cost. As an ex-

ample in [70], DRL is used to implement mobile edge computing that can enhance

the performance and efficiency of mobile applications, by taking into account the

latency and computing cost of offloading computations. The algorithm that is

proposed can effectively adjust the IRS parameters to handle changing channel

conditions as well as choose the time allocation for tasks.

2.4 Summary

As applications are becoming more demanding, operators and vendors have to

make sure the network infrastructure evolves as well. The 5G evolution aims to

implement cloud RAN to support the current network requirements and some

research suggests a movement away from cell-based architecture. While cloud

RAN can still support cell-free communication, it imposes heavy loads on the

fronthaul as both user and control plane data traverses to the cloud servers for

processing. Fog RAN implementation is shown to have features necessary to deal

with cacheable content and content that requires close to real-time latency.

Fog RAN tackles a lot of the issues of Cloud RAN. By introducing a hybrid

distributed and centralised architecture fog RAN alleviates the heavy loads on

fronthaul links, which results in higher data rates, due to accurate channel es-

timation. Additionally, edge caching allows for reduced latency. Importantly,

cloud layer is still present in fog RAN, so the evolved architecture is flexible for

various traffic requirements.

As fog RAN becomes desirable, it introduces challenges that have to be tack-

led. Resource optimization, such as cooperative radio resource allocation and

cache placement are key challenges in fog RAN deployment. Deep learning has
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been proven to solve unique challenges in many different industries and is an at-

tractive choice for mobile networks as well. Supervised, unsupervised and rein-

forcement learning have advantages and disadvantages for implementation, but

reinforcement learning is preferred as it can handle the random environments

that mobile networks find themselves in.

Deep reinforcement learning introduces added benefits of being able to deal

with high complexity of data, and is more efficient at generalising solutions that

conventional reinforcement learning fails to do. In addition to the suggested ap-

plications, DRL can also be used for other purposes such as traffic routing, re-

source sharing, and data collection in mobile networks. However, applying DRL

in mobile networks also faces many challenges such as partial observability, non-

stationarity, multi-agent coordination, and scalability. Therefore, more research

is needed to overcome these challenges and explore the full potential of DRL in

mobile networks.
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Chapter 3

Modelling a latency constrained

RAN and Xhaul

3.1 Introduction

Coordinated multi-point (CoMP) beamforming is a technology that is capable of

improving the signal quality and datarate experienced by users [71]. To take ad-

vantage of this coordination, remote units (RUs) have to collect information about

the channel between them and users. This information is fed back via fronthaul

to distributed units (DUs), which are responsible for coordinating the signaling

between multiple RUs. The DUs are interconnected with each other and with

the central unit (CU) by a midhaul that allows them to exchange information

relevant for coordination. CU is the core of this network architecture. After col-

lecting information from the DUs about channel conditions it is responsible for

processing the data and calculating the beamforming weights to coordinate the

RU transmissions with reduced interference. Fronthaul and midhaul compose

some of the transport network, which is sometimes abstracted and referred to

as the Xhaul [72]. Xhaul abstractions are beneficial when considering cell-free

MIMO [39] and CoMP, as it allows modelling the variation in bit rate caused by

beamforming method, user mobility, user allocation and varying path selection

through the Xhaul. It has been shown in [71] and [73] that Xhaul delays influence
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achievable beamforming gains and user bit rate.

FlexE is a transport technology that could replace common public radio inter-

face in the Xhaul [74], but it is sensitive to the over and under-allocation of slots

in the FlexE calendar. This can affect serialization and buffering delays and the

total latency of the Xhaul. Xhaul latency affects the accuracy of channel state in-

formation that is sent to the DU/CU where beamforming vectors are computed

if CoMP is employed [73], [75]. Therefore, [67] proposes that to maximize the

achievable user bit rate, a resource allocation scheme that can anticipate the traf-

fic in advance and appropriately allocate resources is required. Further, some

coordination of control between RAN and Xhaul is desirable. Achievable user bit

rates through the selection of low-latency paths over the Xhaul can be maximised.

For this, [67] suggests that a mechanism to offload users from RUs with higher

Xhaul latency to those with lower latency will contribute to the maximisation of

the achievable user bit rate.

Optimal route finding in Xhaul has been addressed in [76] and Xhaul latency

effects have been studied in [77], [78] as a problem in optimising operational

expenditure (OPEX). In [77] and [78] only RU queuing delay is considered for

modelling latency. Deep reinforcement learning has been shown to be useful for

optimal selection of functional splits and routes in fronthaul [24] and for util-

ising fronthaul with software-defined networking control in [25], with latency

constraints. DRL has also been used for resource allocation in an ultra-reliable

low latency (uRLLC) network [79] and in Fog RAN networks [69], [65] under the

constraints of latency. According to [67]: "The aforementioned studies omitted

any mechanism for handling the allocation of users to RUs under the constraints

of latency of their paths in the Xhaul, as a means of maximization of their achiev-

able bit rate. Also, the models for latency in these studies were based either on

propagation delay, serialization delay, mean queuing delay or a priori end-to-end

delay, and thus did not consider the combined effect of all possible sources of de-

lays in their models." In addition, FlexE has not been considered in any of the
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aforementioned studies as a transport network technology, which could enable

efficient bandwidth utilisation, or studies its influence on latency constraints.

This chapter models looks at how Deep-Q networks (DQN) are used for effi-

cient bandwidth allocation on each FlexE aggregation node to predict input net-

work traffic and allocate bandwidth. DQN aims to minimize over-allocations,

which increase network power consumption and OPEX, as well as under-allocations,

which would increase Xhaul latency and reduce the achievable user bit rate. The

CU has an additional DQN, whose goal is achievable user bit rate maximiza-

tion by offloading users from RUs with higher Xhaul latency to those with lower

latency. The use of multiple DRL agents (in the Xhaul and RAN) results in a

multi-agent-based optimisation system for RAN [80].

3.2 Network Model

The network architecture that implements CoMP is shown in Figure 3.1. This

network architecture connects many RUs to a single DU via fronthaul and the

DUs are connected to the CU using midhaul. It is assumed that the CU and

DU are co-located, which eliminates the need to model the midhaul, and instead

analysis can be focused on the fronthaul part of the Xhaul, as shown in Figure

3.2. In this network users are connected to RU groups, which allows the RUs

to coordinate with each other and perform CoMP beamforming [71], [73]. The

layout of the fronthaul transport network composed as described in [67] using

multiple layers of aggregation nodes. An ethernet aggregation node is placed

close to the edge of the network, aggregating the traffic of all RUs in one group.

The traffic is transported via FlexE aggregation nodes to the DU, this traffic can

vary depending on the RAN protocol overheads depending on functional split

[81] and additional background traffic. Each FlexE aggregation node allocates

slots in their calendars to meet traffic requirements and reduce latency in the

network.
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Since RUs are transmitting user traffic using Ethernet interfaces, the RUs and

Ethernet aggregation nodes in Xhaul will introduce queueing and serialisation

delays. [67] assumes that the Ethernet aggregation nodes operate with a FIFO

scheduling scheme in the queues. Buffers can be used to hold packets while there

is congestion at the output of Ethernet and FlexE aggregation nodes. Existence

of such buffers introduces delay variations in the traffic. If the FlexE aggregation

nodes allocate less rate than required in the calendars, the buffers would hold

on to the excess packets [82]. DU/CU will also be equipped with buffers to ab-

sorb the delay variations. For this chapter, as in [67], the size of these buffers

will be determined by the percentiles of delays that are absorbed by the buffers.

Large buffer sizes will ensure a higher percentile delay variation absorption but

FIGURE 3.1: C-RAN architecture with CoMP.
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FIGURE 3.2: FlexE Xhaul network architecture.

increased buffering delay [83].

Each FlexE aggregation node manipulates a separate calendar to control traf-

fic flows in different directions. Inbound traffic to a FlexE agent includes the

traffic from a preceding Ethernet or a FlexE aggregation node combined with

background traffic. The reward function takes into account the inbound traf-

fic and the allocated slots in the FlexE calendar. The state and reward function

make up the FlexE environment as shown in Figure 3.3. The observations and

rewards are provided every decision period which corresponds to the delay for

the reconfiguration of the FlexE calendar. The slot allocations for the incoming

traffic are calculated using Deep-Q learning from past actions and rewards in an

experience buffer. For this MDP, [67] suggests using Deep-Q learning using the

rationale that both input traffic from RAN and other sources in the network has

large variations, which would be hard to explore using a tabular RL method.

It is proposed to use a separate agent within the DU/CU pool in Figure 3.2,

termed the “controller agent”, as shown in Figure 3.4. The controller agent is

responsible for offloading users between RU groups to improve the total achiev-

able user bit rate. As shown in Figure 3.4, the MDP that the controller agent is

deployed in provides the total user sum-rate and its variations as the state and
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FIGURE 3.3: Markov Decision Process for a FlexE agent. Back-
ground traffic is introduced as a simulation parameter.

FIGURE 3.4: Markov Decision Process for a Controller Agent. La-
tency is dependent on the calendar slots allocated by FlexE agents.
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the reward is dependent on the sum-rate achieved. The controller agent will per-

form actions of notifying each RU group of how many users to offload to the

other group. Since the sum-rate is sensitive to the delay in the transport network,

due to the age of CSI [84], offloading users from the heavily loaded RU group to

the lower load one can benefit the network. The controller agent is trained using

Deep-Q learning as well due to the large observation space of the RU sum-rate

and its variations.

3.3 CoMP and Latency Model

For modelling the achievable user bit rate allocated to RUs incorporating CoMP,

the signal-to-interference noise (SINR) γk of a user is modelled as follows,

γk =
∑j

∣∣∣hH
j,k f j,k

∣∣∣2
∑j ∑i ̸=k

∣∣∣hH
j,k f j,i

∣∣∣2 + σ2
(3.1)

where σ2 is the noise power, hH
j,k is the known channel information for user k

from RU j, delivered to the distributed/central unit (DU/CU) for processing, and

f j,k is the resulting beamforming vector given as follows,

f j,k = (hH
j,khj,k)

−1hj,k. (3.2)

In Equation (3.1), each user is equipped with a single antenna and Zero-Forcing

(ZF) beamforming is used to reduce interference between beams generated by the

RUs [69]. As in [84], channel estimation is modelled with delay effects, that is, a

perfect channel is not known but is instead estimated and denoted as ĥ(t) with

error η(t), which satisfies a complex normal distribution CN
(

0, σ2
η

)
, with zero

mean and variance σ2
η given as follows,
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σ2
η =

1
SNRd

+ 2

[
π fDTs

(
2L− d− 1

2

)2
]

. (3.3)

Estimation error has the same dimension as h(t); if SNR during channel esti-

mation is decreased, channel accuracy is impacted negatively, which can be miti-

gated by an increased pilot training length d; this, in turn, affects the total length

of payload L. Other significant terms are the Doppler frequency fD which de-

pends on the parameters of user mobility, and sampling time Ts of the receiver

[85]. The complete channel estimate h(t) is given as follows,

h(t) = ĥ(t) + η(t), (3.4)

Due to fronthaul and computational delay D, the channel estimate in Equation

(3.4) is altered, given as follows,

ĥ(t) = ρĥ(t− D) + ϵ(t) (3.5)

where ρ = J0(2π fDD) is the channel correlation coefficient, portrayed as

a Bessel function of order zero [84], affected by user mobility, and ϵ(t) is the

CN (0, σ2
ϵ ) error vector, with variance σ2

ϵ given as follows,

σ2
ϵ = σ2

ĥ

(
1− |ρ|2

)
. (3.6)

Then the channel model in Equation (3.5) is substituted into Equation (3.1) for

the estimation of SINR. The estimated SINR is then used to estimate the resulting

achievable bit rate of a user RZF in the uplink via the Shannon capacity model
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[86], is given as follows,

RZF =
K

∑
k=1

log2

1 +

∣∣∣(√ρĥT
k +

√
σ2
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η,k

)
fk

∣∣∣2
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∣∣∣(√ρĥT
k +

√
σ2

ϵ,k + σ2
η,k

)
fi

∣∣∣2 + σ2
n

 . (3.7)

From the transport network perspective, [67] notes that "the traffic is first re-

ceived at RUs, which add encapsulation overheads dependent on the split option

being used. Then further overheads are added by the Ethernet and FlexE-based

aggregation nodes in Xhaul." This chapter assumes an intra-PHY functional split

option 7.2 [87] that results in upscaling or an increase in the recorded sum-rate.

The functional split upscaling factor Fsplit is calculated using the relation given as

[88],

Fsplit =
2NantNbit

Nsc
Tsym

Nant log2(M)B
(3.8)

where Nant is the number of antenna elements, Nbit is the sampling width (no

of bits per sample), Nsc is the number of data subcarriers comprising the OFDM

symbol, M is the modulation order, B is the bandwidth of the signal transmit-

ted by a UE and Tsym is the OFDM symbol length in time. The calculations in

Equation (3.8) do not account for the encapsulation overheads.

The achievable bit rate of the users is reduced due to the latency in Xhaul dis-

cussed in previous subsection and indicated by the factor of D in Equation (3.5).

In [67] percentile delay is selected as a benchmark to model the latency effects of

the system. Justification for this is to measure the worst-case scenario of latency.

Also, as mentioned in the previous subsection, the destination nodes in Xhaul

will be equipped with buffers to absorb the percentile delays. The 99.9% per-

centile delay is substituted as the delay term D in Equation (3.5) to the wireless

channel model. For the estimation of percentile delays of a path in the Xhaul, the
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mean queuing delay of packets Tq,x, in RU’s Ethernet interface and Ethernet ag-

gregation nodes are estimated using the G/G/1 queueing model given as follows

[89],

Tq,x ≈
λt

µr

ρ

(1− ρest)

C2
a + C2

r
2

(3.9)

where x denotes the node in the Xhaul, ρest is the estimated load on aggrega-

tion nodes, λt is the arrival rate of packets µr is the packet service rate, Cr is the

coefficient of variation of the service time, and Ca is the coefficient of variation of

the interarrival time. The mean of the delay T̄ of a path in the Xhaul in Figure 3.2

is given in [67] as,

T̄ = Ts,RU + Ts,E + 2Ts,F + Tq,RU + Tq,E (3.10)

where Ts,RU, Ts,E and Ts,F are the fixed serialization delays in the RU’s Ethernet

interface, Ethernet aggregation node and two FlexE aggregation nodes in a path

in Xhaul. Tq,RU and Tq,E are the waiting times in the RU’s Ethernet interface and

Ethernet aggregation node of the path in Xhaul. The distribution of the total delay

of a path is then modelled by a log-normal distribution using the total mean delay

in Equation (3.10). This distribution is selected after analysis of packet traces via

simulations in NetSim®. From the log-normal distribution, the 99.9 percentile

delay is extracted. The fabrication delays are ignored in the analysis.

3.4 Approach to Simulation

Simulink MATLAB® is used to model wireless communications based on CoMP

as described in Section 3.3. The parameters for the wireless system are listed in

Table 3.1. The RAN model is initialized by assuming 15 users in each RU group
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FIGURE 3.5: RU coordinates in x,y plane (Case-1) [67].

(totalling 30 users in the two groups). Each RU is modelled to transport 16 inde-

pendent beams’ data in Xhaul. The locations of users follow a uniform random

distribution over a 200x200m grid, shown in Figure 3.5. RUs are deployed in a

hexagonal formation with an estimated radius of 50m, this ensures that RUs are

equidistant from each other.

Initially, to ensure even latency impacts on all paths, background traffic of 110

Gbps is added into the paths from both RU groups to DU/CU. It is shown in

[67] that the resulting total achievable bit rate for both RU groups is 22.3 Gbps.

This data rate is upscaled by a factor of 3.5 using Equation (3.8) and parameters

from Table 3.2. Further upscaling by a factor of 3 is carried out to accommodate

the fact that there are three RUs in an RU group. This upscaling resulted in a

load of 234.089 Gbps in the Xhaul. The underlying background traffic pattern is
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TABLE 3.1: Simulation Parameters

Number of users per RU group 15
Avg bit rate of RU groups 117.04 Gbps
Functional split factor 10.5
Avg background traffic 110.7 Gbps
Number of RUs Groups 2
Number of RUs per Group 3
SNR per User 13 dB
Antennas per RU 16
Power Constraint per RU 40 W
Bandwidth per user 50 MHz
User Mobilities 6 m/s
Rate of Arrival 10−6

Rate of Departure 4× 10−6

TABLE 3.2: Functional Split Upscaling Parameters

Number of antenna elements Nant 15
Number of bits per symbol Nbit 8
Number of subcarriers Nsc in 50 MHz 250x12
Modulation level (M) 16
Interval of the OFDM symbol Ts 66.7µs

extracted from the WIDE project packet traces repository [90] specifically for the

date of 08/04/2020. The average bit rate of the traffic is 6 Gbps which is pre-

sumed less than the expected aggregate background and user traffic in future 5G

Xhaul networks. Therefore, in [67] the traffic patterns were increased by multipli-

cation with discrete upscaling factors (5-11) to emulate a high load on the Xhaul

aggregation nodes.

The hyperparameters for the Deep-Q network, given in Table 3.3. Discount

factor, number of steps to look ahead, mini-batch size, experience buffer length,

number of hidden layers and neurons per layer are tuned to provide a good learn-

ing performance. Specifically, the aim was to ensure a monotonic increase in av-

erage rewards with each training episode and converge towards the end of the

training process. The experience buffer size ensured that the agent did not suffer

from catastrophic forgetting which may lead agents to take steps that earn nega-

tive rewards after earning positive rewards [91]. On the other hand, the discount
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TABLE 3.3: Deep-Q Network Parameters

Learning Rate 0.01
Gradient Threshold 1
Number of Hidden Layers 6
Number of Neurons per Layer 98
Sample Time 4× 10−3

Experience Buffer length 40× 6000
Mini batch size 2048
Epsilon 1
Epsilon Decay factor 0.005
Number of steps to look ahead
FlexE agent 8
Controller agent 32
Discount factor
FlexE agent 0.7
Controller agent 0.99

factor for the controller agent is 0.99, but is upper-bound by the number of steps

to look ahead, which is set to be 32, preventing large future award approximation

functions. The mini-batch size parameter for both the FlexE agent and controller

agent is set to 2048 as a compromise between simulation speed and accuracy of

convergence of the deep-Q network.

For the FlexE agent, it is assumed that the action space for the FlexE agent is

discrete and limited to 80 slots with a granularity of 5 Gbps, so a(t) ={0, 5, 10, · · · ,

80} since it is assumed that each FlexE node will support a total of 400 Gbps out-

put line rate. The aim of the reward function is to describe the objective of the

system to the agent, so that it would achieve convergence to the desired per-

formance. However, if it is inappropriately designed, it will converge to a local

minimum, which may not result in the desired performance, or converge to a

bad strategy. The reward function achieving the least standard deviation of the

difference between input traffic and allocated traffic is found by [67] as follows,
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TABLE 3.4: Queueing Delay Parameters

Average packet length 735 bytes
Standard deviation of packet length 300 bytes
Output links rate 400 Gbps
Standard deviation of inter-arrival time of packets 300 µs
Distance of optical links 1 km

FIGURE 3.6: Reward vs difference of allocated slots and input traffic
demand.

RFlexE =


−20 + ((S− Ri)− 20) ∀0 ≤ S− Ri ≤ 20

−1000
(

1− e−(S−Ri)
)
∀S− Ri > 0

−100
(

1− e(S−Ri)
)

∀S− Ri < 0

(3.11)

where S is the bit rate allocated in the FlexE calendar and Ri is the observed

input traffic bit rate. The reward function for the FlexE agent is also plotted in

Figure 3.6.

The FlexE agent is trained using Deep-Q learning in the reinforcement learn-

ing toolbox in MATLAB®. It is trained to predict the combined traffic patterns
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from the WIDE project repository [90] (with upscaling factor of (5-11) and the user

traffic patterns from each RU group. The FlexE agent is trained for 40 episodes.

Each episode spanned 24 seconds with a step size of 4ms, which is known to be

the reconfiguration time frame of the FlexE calendar [91]. The results that are

used for Figures 3.8 are from an agent that has been training for 34 episodes.

The controller agent is a trained Deep-Q Network deployed simultaneously

with the FlexE agents. The controller agent is being rewarded for maximizing the

total achievable bit rate of the two RU groups. It achieves this by offloading users

from a path with higher latency to a path with lower latency in the network. The

actions of the controller agent are the offloading commands for each RU group,

with integer values ranging from 0 to 5. In any training step, the number of

users offloaded is limited to 5 users. The choice is made to reach a monotonically

increasing average reward earned by the controller agent during the training. The

reward function for the controller agent is given as follows,

Rctr = 500R̄2
sum − (5× 105R̄′sum) (3.12)

where R̄sum is the averaged value over 5 samples of the total achievable bit rate

for the two RU groups and R′sum sum is the difference in the bit rate in consecutive

timesteps of 4ms, indicating the variations in the total achievable bit rate of the

RU groups. It is given as follows,

R̄′sum = R̄sum(t)− R̄sum(t− 0.004). (3.13)

Due to the second term in Equation (3.13) involving R̄′sum the controller agent

is negatively penalized for introducing a high variation into the resulting rate.

The first eight seconds of a training episode for a controller agent, which spans
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FIGURE 3.7: Training results of controller agent, total achievable bit
rate (a), number of users in RU groups (b) for RU group position in

Figure 3.5.

over twenty-four seconds in the simulations, is shown in Figure 3.7. The resulting

total achievable bit rate of the two RU groups is shown in Figure 3.7(a). It can be

seen in Figure 3.7(b), that as the controller agent is learning it constantly swaps

the users from one RU group to another. It does so to learn what transitions from

one state to another can look like and how it can maximize the total achievable bit

rate of the two RU groups. As the agent learns that offloading users to RU-group

2 leads to a lower rate it swaps the users over into RU-group 1, improving the

system performance.

3.5 Simulation Results for FlexE workers

The results for the deployment of the trained FlexE agent are shown in Figure

3.8. The input traffic pattern is upscaled by a factor of 10 and normalized to the
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FIGURE 3.8: FlexE Agent slot allocation (a), input traffic (b).

output rate of the FlexE aggregation node. Figure 3.8(b) shows the input traf-

fic and Figure 3.8(a) shows the number of slots allocated to the input traffic. It

can be observed in Figure 3.8(a), that the agent tracks the input traffic and allo-

cated slots, including the very rapid changes in the traffic. More results and com-

parisons are available in [67], for example performance comparison with predic-

tions from the autoregressive integrated moving average model approach [92].

Results were compared in terms of mean over-allocation (MOA) of traffic as a

measure of bandwidth over-consumption in the Xhaul. It was observed that the

mean over-allocations from DRL-based predictions are 11.6% less than the mean

over-allocation from ARIMA-based predictions. A similar result was observed

for mean under-allocations. DRL made 25% less under-allocations than using

ARIMA-based predictions. Therefore, DRL can outperform ARIMA-based pre-

dictions both in terms of efficient bandwidth consumption and minimal delays

in Xhaul.
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TABLE 3.5: Background Traffic effects on RU group offloading.

RU positions Background
traffic
(Gbps)

Number
of
users

Bit rate (Gbps) Total
bit
rate
(Gbps)

RU group RU group RU group
1 2 1 2 1 2

1 a 110 110 15 15 117.04 117.04 234.1
b 285 110 15 15 86.16 115.8 201.8

2

a 110 110 15 15 113.3 115.8 229.1
b 114 111 14 16 107.8 121.2 229
c 250 110.7 9 21 77.25 145 222.3
d 285.5 105.67 7 23 62.9 153.5 216.5
e 331.5 111.5 3 27 31.38 166.67 198.5
f 113 265.26 19 11 125 100.2 225.2

3.6 Simulation Results for offloader

The deployment results for the controller agent that is trained for 36 episodes

are shown in Figure 3.9 with the RU position shown in Figure 3.5. The average

background traffic added to the paths of the two RU groups is the same and

around 110 Gbps. The results in Figure 3.9(a) show the total achievable bit rate

of the two RU groups is around 234.09 Gbps after applying the functional split

factor of 10.5. The results in Figure 3.9(b) show the total number of users in two

RU groups, along with users in the individual RU groups. It is apparent from

Figure 3.9(b) that the initial number of users in the two RU groups is 13 and 17

as a non-ideal starting distribution of users. The agent then offloads users so

that both RU groups have the same number of users. This is so because the total

achievable bit rate is maximum when the two RU groups have the same number

of users.

The results in Figure 3.9 are reflected in case-1(a) of Table 3.5. In case-1(b),

an increased background traffic of 285 Gbps was introduced into the path of RU

group-1. It is evident from the results in case-1(b) that the agent did not shift

users from RU group-1 to RU group-2. Consequently, this led to a decrease in the

total bit rate of the RU groups from 234.1 Gbps to 201.8 Gbps. This illustrates that
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FIGURE 3.9: Controller agent deployment results, total achievable
bit rate (a), number of users in RU groups (b) for RU positions in

Figure 3.5.
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the introduction of higher background traffic leads to increased latency, resulting

in a reduction in the total bit rate. Following this, the positions of RUs were al-

tered, placing them in non-ideal locations with varying distances to users across

the 200x200m grid. This configuration resulted in a greater average distance be-

tween users and RU group-1 compared to RU group-2. Notably, the controller

agent was retrained to accommodate this new RU position configuration. The

background traffic introduced into the network paths of the RU groups exhibits

variability, with their respective values outlined in cases 2(a) through 2(f) within

Table 3.5. These values denote the average background traffic sustained over a

24-second deployment period. Notably, the degree of variation in background

traffic within the RU group-1 network path exceeds that within the RU group-2

network path, progressing from case 2(a) to case 2(f). Specifically, the background

traffic in the RU group-2 network path fluctuates around 110 Gbps. Furthermore,

the bit rate and user count for each RU group following the deployment of the

trained controller agent are also documented for cases 2(a) through 2(f).

In case 2(a), where both network paths feature identical background traffic

levels of 110 Gbps, RU group-2 exhibits a higher bit rate than RU group-1, pri-

marily due to the users’ closer proximity to RU group-2 on average. However, the

controller agent does not transfer users from RU group-2 to RU group-1 in this

scenario. Controller agent opts to offload users only when additional background

traffic is introduced into the RU group-1 network path, a trend that becomes in-

creasingly apparent from cases 2(b) through 2(e). Furthermore, it becomes ap-

parent that with the escalation of background traffic, a rise in latency leads to a

decrease in the bit rate of RU group-1 and, subsequently, the overall bit rate of the

two RU groups. This highlights that the impact of latency in terms of diminishing

the overall bit rate of the RU groups is more pronounced than the impact of users

locations and distances from the RU groups. Additionally, a comparison between

case 1(b) and case 2(d), where background traffic levels in both network paths are

identical, reveals that the total bit rate in case 2(d) (216.5 Gbps) surpasses that in
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case 1(b) (201.8 Gbps) by up to 7.3%. This illustrates that the trained controller,

by reallocating users between RU groups, can enhance the attainable system bit

rate. Finally, in case 2(f), an increase in background traffic within RU group-2’s

network path results in the controller agent offloading users from RU group-2

to RU group-1, demonstrating the system’s symmetry and the controller agent’s

ability to adapt to offloading users in both directions.

3.7 Conclusion

The chapter proposed to use DQN in a centralised RAN capable of CoMP com-

munication. DQN is used for both user and resource allocation in a central con-

troller and FlexE agents, respectively. In the controller agent, DRL is used to

reduce the effects of latency in RU groups by offloading users to less active RU

groups. This agent learned the policy required to reduce the latency in the Xhaul

and increased the resulting sum-rate experienced by the users and when com-

paring cases with equal bandwidth, but different user distributions a rate im-

provement of 7.3% was achieved. In FlexE aggregation nodes, agents are used

for traffic prediction and performing slot allocation. From the results it can be

concluded that DRL can allocate resources in FlexE based Xhaul more efficiently

than a classical approach based on ARIMA allocation scheme, with 11.6% less

over-allocations and 25% less under-allocations which would improve the OPEX

when used in a real world scenario. Further, the FlexE agent could learn a wide

variety of traffic patterns with different properties of mean and variance, to the

least, and is able to predict underlying patterns in incoming traffic.





59

Chapter 4

User Association in Fog Radio Access

Networks

4.1 Introduction

Cloud radio access network (C-RAN) has been an important and widely used

network architecture in current wireless communications. In this architecture,

a baseband unit (BBU) with high processing capability is connected to multi-

ple remote radio heads (RRHs) via fronthaul links and undertakes all baseband

processing tasks from RRHs. This architecture can implement cell-free massive

multiple input multiple output (MIMO) [5]. Cell-free means that users experi-

ence no cell boundaries during transmissions. From the network point of view,

RRHs cooperate with cloud synchronization to jointly process and transmit user

data. RRH cooperation leads to large gains at the cell-edge [11]. In practice, a

BBU needs to collect all channel state information (CSI) through fronthaul links

to perform its tasks [93], which can overload the fronthaul links and degrade the

network performance. Furthermore, considering that a BBU is far-away from the

RRHs, with supported distances of more than 10km [94], fronthaul data transmis-

sion introduces additional latency and significant power consumption in C-RAN

[95].

A fog radio access network (F-RAN) has been proposed as an evolution of
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C-RAN architecture [12], aiming to alleviate the strain on fronthaul links and

provide low latency by replacing RRHs in C-RANs with fog access points (FAPs)

which have application processing and caching capabilities [44]. With this evo-

lution, time-critical computing, such as cooperative radio resource management

(CRRM) and cell-free MIMO radio signal processing, is placed at the edge of the

network [45] to support low-latency services. In an F-RAN, cloud layer is still

present [15] to process the resource-intensive tasks and larger quantities of data.

As processing and caching are enabled at FAPs, which are at the edge of the net-

work, this architecture reduces the amount of channel information being trans-

mitted over the long fronthaul links to the cloud for network control, e.g. resource

management, and allows content acquisition and network control to be done in a

coordinated manner at the fog network access layer. Therefore, the F-RAN archi-

tecture can improve channel accuracy, resulting in higher transmission rates and

low latency [12]. However, it leads to unique challenges before it can be mature

enough for operation [43]. With radio resource management and content acquisi-

tion capabilities enabled at the edge, cooperative methods have to be developed

among FAPs for the distributed system. Since FAPs can be deployed densely

to serve a large number of user equipments (UEs), without cooperation among

FAPs, strong interference can be introduced among the coverage areas of differ-

ent FAPs. Therefore, joint UE-FAP association and transmit power allocation is

essential to manage available resources efficiently.

UE-FAP association in F-RANs has been addressed in [26] and [27] by con-

sidering the signal to interference plus noise ratio (SINR) [26] or received sig-

nal power [27]. However, these studies ignored that an FAP only has limited

resources to accommodate UE demands for services and content. If one FAP

connects to many UEs, it can overload, leading to a significant deterioration of

performance in the fog network. As such, load balancing algorithms have to

be taken into account to ensure a smooth experience for UEs [46]. Additionally,

most research focusing on UE-FAP association including data caching [96] did
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not consider that a high percentage of Internet contents are generated from delay-

sensitive applications, such as interactive content and banking applications [97].

When users connecting to fogs need to access this kind of delay-sensitive data, it

is essential to address the latency in the UE-FAP association.

Considering the fronthaul load, cache prioritisation, as well as edge comput-

ing, UE-FAP association is a high dimensionality problem, to which the solutions

in the existing research cannot solve. When the number of UEs is large, solv-

ing this problem to achieve optimal performance using traditional algorithms

would be near-impossible due to the high computation complexity. On the other

hand, deep learning has shown the capability of solving extremely complex prob-

lems, which require abstract understanding and creativity, like the algorithm that

plays Go at a grandmaster level [98]. Sharing information between agents has

been investigated in deep learning based solutions [99]–[101]. In [99], agents

with different roles in a given environment, communicated with each other to

increase the number of observations available to each one. Experience sharing

is possible in A3C [100], an algorithm that simultaneously performs policy op-

timisation as well as policy evaluation, through the actor and critic respectively.

In A3C, experiences are shared among homogeneous agents interacting with an

instance of the same environment where they do not interact with each other and

do not affect the decisions of other agents. This makes the environments iden-

tical to single-agent learning. In more recent multi-agent reinforcement learning

(MARL) settings, multiple agents exchange information about the environment

to make joint observations and actions. [101] studied how multiple agents can

learn cooperatively to improve learning speeds. However the results are only

applicable to fully observable or complete Markov decision process (MDP) en-

vironments, where agents are deployed and interact with separate instances of

the same environment. In above studies, if agents exist within each other’s en-

vironment, they require a lot of communication before making a decision [23].
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However, to meet latency requirements under the F-RAN architecture, practi-

cally, FAPs can only partially observe the environment, leading to a partially ob-

servable MDP (POMDP), as exchanging observation information to form a joint

observation and joint action could lead to significant overheads. Some work has

been done in the area of MARL in POMDP, [102], which used a method similar

to hyper-Q-Learning, which does not focus on the area of experience sharing or

exchange. Instead, agents learn about the policies of the other agents through

their own observations.

A potential solution to this problem would be to train a double deep Q-network

(DDQN) to learn about the environment. DDQN is a reinforcement learning (RL)

method that uses two networks, an estimation network and a target network.

It was proposed in [22] to overcome the problems of classical deep-Q-network

learning, which only uses one estimation network to learn. By introducing a

target network that is slowly updated, the deep learning agent becomes more

stable. The target network is assumed to be closer to the ground truth, and the

estimation network has an entity against which it can compare decision results

to. This solution works well for single-agent environments, as it can closely esti-

mate MDP state transitions and rewards, but its performance degrades in multi-

agent POMDPs [102]. If multiple agents explore a shared POMDP environment,

with each maximising their own reward, they will fail to cooperate with other

agents effectively, because estimations are not able to reflect other agents’ deci-

sions. Therefore, there is higher uncertainty, resulting in lower stability when

learning, even with slow updating target networks and relatively long training

durations.

This chapter aims to tackle UE-FAP association in the F-RAN architecture as

a partially observable distributed MARL problem where each FAP is an inde-

pendent agent, but also works collaboratively with other FAPs to maximize the

number of served UEs under some constraints. Due to the changing nature of the

environment, agents must learn that trade-offs are necessary to accommodate the
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maximum number of UEs and adapt the solution to satisfy UE requirements. The

main contributions of this chapter are summarized as follows:

1. Upon analysis it is clear that in the distributed F-RAN architecture agents

may not have enough time to exchange entire state information due to the

low latency requirement in future wireless communications. Since a fully

observable MDP cannot be developed due to strict constraints, a POMDP

environment is formulated. Deep learning agents must not only learn how

their actions affect the system state, but also how to predict what actions

other agents would take in the same state. It is shown that the traditional

low-complexity algorithms perform poorly in the F-RAN environment, since

they consider greedy UE associations to benefit individual FAPs, not the en-

tire system.

2. A solution for a POMDP environment called multi-agent distributed dou-

ble deep Q-network (MA-DDQN) is proposed, which uses an experience

exchange method to trade information, such as the states, actions, rewards,

and following states between agents in the environment. This method is

particularly helpful in making deep learning agents diverge from a local

optimum solution, as agents can build a larger knowledge base required

for learning than they would independently. Subject to system constraints,

it is shown how agents use the experience exchange mechanism with no

changes to the hyper-parameters of the neural networks, and collect better

rewards than low-complexity hard-coded methods. The simulation results

show that the proposed algorithm outperforms the conventional DDQN al-

gorithm which uses no experience exchange.

The remaining structure of the chapter is as follows. In Section 4.2, the sys-

tem model is introduced as an iteration of C-RAN, with distributed coordinated
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multi-point radio resource allocation. Section 4.2 also introduces the main op-

timisation problem and the constraints, which are presented as a POMDP envi-

ronment in Section 4.3. In Section 4.4 the rationale of using distributed neural

networks, rather than centralised is explained. Based on an overview of the con-

cept of RL, a novel deep RL algorithm to solve partially observable multi-agent

problems is proposed in Section 4.5. In Section 4.6, the results of training and

simulation are presented and discussed, and the chapter is concluded in Section

4.7.

4.2 System Model

4.2.1 Transmission model

Consider an F-RAN architecture including a set of FAPs J with a total of |J | = J

FAPs, each equipped with M antennas, as shown in Figure 4.1. FAPs are con-

nected to the cloud network through the fronthaul links. They are also connected

to each other via high-speed fibre links in a mesh topology [103]. In F-RAN,

network access layer requires horizontal connectivity to allow FAPs to exchange

information required for cell-free CRRM [40], as such, links between FAPs are uti-

lized to share network information with low latency. FAPs can connect to multi-

ple UEs by using cell-free MIMO methods for joint transmission and coordinated

beamforming[104]. The set of UEs to be served is denoted as K, with a size of

|K| = K. It is assumed that each UE has a single antenna. Each FAP can asso-

ciate with a number of UEs through multiple beams, and the association factor

between UE k ∈ K and FAP j ∈ J is denoted as a variable xj,k, given by

xj,k =


1, if k is associated to FAP j,

0, if not.
(4.1)
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FIGURE 4.1: System model showing a F-RAN deployment as an ex-
tension to the cloud. Links between FAPs (short dashed lines) allow

for CRRM.

The sum of associations ∑k xj,k, ∀j ∈ J is the cardinality of set K(j) that includes

all the UEs associated with FAP j. The union of all association sets produces a set

of UEs associated with the fog KΦ and is shown as
⋃J

j=1K
(j) = KΦ.

Note that even if the interest lies in associations within fog with global syn-

chronisation between FAPs assumed, some information may not be known by

the rest of the FAPs. In a downlink communication scenario, UEs estimate the

channel condition and feed it back. Assuming that the channel condition is per-

fectly known, UE k requests for content ck = [0, 1, · · · , ϕ] of size bϕ. If the content

request is fulfilled, UE k is considered as served. When the UE service request
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is done, it is included in a set Kd, and the number of served UEs will be given

as |Kd| = xd. Using cell-free MIMO [40] [105], the file would be jointly trans-

mitted to the UE in multiple streams of simultaneous message signals sk. With

coordination, interference alignment between APs is possible, and UE k can be

associated with multiple FAPs, while UEs that are not associated with all FAPs

can also receive a signal with reduced interference from other FAPs[106]. Since

the UEs are static, the main source of interference is the inter-stream interference

between FAPs. As such the received symbol at UE k is given by

yk =∑
j

xj,k pj,kh
H
j,kwj,ksk + ∑

j
∑
i ̸=k

xj,i pj,kh
H
j,kwj,isi + n, (4.2)

where n is the additive white gaussian noise (AWGN), satisfying N (0, σ2), pj,k

is the waterfilling power allocation from FAP j to user k. hj,k is the CM×1 static

complex Gaussian channel model composed of M channel responses, denoted as

hj,k =

[
PLABG

j,k hj,k,1 PLABG
j,k hj,k,2 · · · PLABG

j,k hj,k,M

]T

(4.3)

where each entry hj,k,m represents the channel of UE k to antenna m of FAP j.

Defining PLABG
k as a pathloss coefficient that follows the ABG urban micro open

space pathloss model [107] for high frequency communications, the pathloss co-

efficient for frequency f , distance dj,k from UE k to FAP j, with log-normal shad-

owing χABG
σ is evaluated as follows

PLABG
j,k (dj,k) = 10 · 2.6 · log10

(dj,k

1m

)
+ 24 + 10 · 1.6 · log10

(
f

1GHz

)
+ χABG

σ .

(4.4)

In (4.2), wj,k is the CM×1 transmitter beamforming weights vector. For simple

analysis, zero-forcing is considered for the transmit beamforming vectors [108],
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given by

wj,k = (hH
j,khj,k)

−1hj,k (4.5)

FAPs have limited instantaneous transmit power, denoted as PTRI
j , given by

PTRI
j = ∑

k
PTRI

j,k = ∑
k

xj,k pj,k

∣∣∣∣∣ wj,k

|wj,k|

∣∣∣∣∣
2

, (4.6)

where the precoding vector wj,k is normalized by its magnitude to ensure that

only interference cancellation is being performed by the precoding vectors.

The resulting signal to interference plus noise ratio (SINR) experienced by UE

k is given by

γk =
∑j xj,k pj,k|hH

j,kwj,k|2

∑j ∑i ̸=k xj,i pj,i|hH
j,kwj,i|2 + σ2

. (4.7)

The corresponding data rate of UE k is denoted Rk, given by

Rk = log2(1 + γk), (4.8)

4.2.2 Cache and Scheduling Model

Consider that the F-RAN has caching capabilities at FAPs for an improved UE

experience. FAPs will be located within a small area to support the transmis-

sion of delay-sensitive contents. Further consider that FAPs only have limited

caching capability and the caches are populated by a uniform random distribu-

tion. Content availability in FAP j is denoted as a binary value cj,ϕ ∈ {0, 1}, and

∑ϕ cj,ϕ ≤ Cj, where Cj represents the cache capacity. To guarantee the latency

requirement, δth, for the contents, it needs to analyse the user experienced delay,

depending on whether content is present in the caches. As a UE demands content

ϕ of size bϕ, each FAP is aware if it is present in the cache, as such, the delay for
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UE k is split into three cases

δk =


bϕ

(
1

Ψj
+ 1

Rk

)
, if cj,ϕ = 1

bϕ

(
1

Ψj
+ α 1

Rbh
+ 1

Rk

)
, if cl,ϕ = 1 , l ̸= j

bϕ

(
1

Ψb
+ 1

Rfh
+ α 1

Rbh
+ 1

Rk

)
, otherwise.

(4.9)

In the first case in (4.9), content is available at FAP j that received the request,

Ψj denotes the processing speed of the FAP. In the second case, the content is

not immediately available at the FAP, but can be obtained from the adjacent FAP

l. Rbh is the backhaul link rate, and α denotes the minimum number of hops

required to acquire the content. In the final case, the content is unavailable at

the adjacent FAPs; therefore, it must be acquired from the BBU pool through the

fronthaul. Ψb is the backhaul processing speed. Fronthaul rate is defined as Rfh.

Rfh and Rbh are assumed to be constant. Since δk is dependent on Rk and, as a

result on how many FAPs are associated with user k, some FAPs may need to

wait before content is acquired before transmitting the content. As such, if the

FAPs associated with the UEs have different contents in caches, the highest delay

value is used.

Corresponding to three cases, FAPs that are associated with UE k will con-

sume a different amount of power to acquire the content through the network.

Fronthaul and backhaul consume power at a time instant, modeled as

PXH
j,k =


0, if cj,ϕ = 1

α (PONU + PLS) + NLCPLC, if cl,ϕ = 1 , l ̸= j

α (PONU + PLS) + NLCPLC + mPSW + PSWB, otherwise.

(4.10)

In the first case in (4.10), content does not need to traverse the network and is

present in the cache, meaning no Xhaul power is being consumed. A linecard
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(LC) is a piece of Xhaul hardware used for a multitude of functions, such as

digital-to-analog conversion within switches and local communication between

FAPs and the cloud. In the second case, NLC and PLC represent the number of

LCs used in the network and the power consumed by each LC, respectively. LCs

can be shared in the scenario of sharing the same wavelength, as such, no more

than one LC will be used in this model. In the same case, PONU and PLS are the

power consumed by optical network units, used for high-speed data transmis-

sion, and each switch along the path in the backhaul, respectively [109]. In the

final case, PSW denotes consumed power at each switch port in the cloud and m is

the number of switch ports used in the content’s path. PSWB is the baseline power

consumption of the cloud switch.

4.2.3 Problem Formulation

Through the UE-FAP association, which generates a set KΦ, the performance ob-

jective is to maximise the number of UEs xd, which are served by the fog, with

their latency requirement, δth being satisfied. Since the power consumed is dif-

ferent for all UEs, due to varying delays, energy consumption will provide some

trade-off if the UEs’ requested content is unavailable, but they are experiencing

high SINR conditions. The total power consumption can be derived as a sum

of the Xhaul power consumption and FAP beamforming power consumption to

serve all selected UEs and is expressed as

Ptot = ∑
j

(
PTRI

j + ∑
k

PXH
j,k

)
. (4.11)
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Finally, the problem formulation of user-FAP association is given by

O1: arg max
KΦ

xd, (4.12a)

s.t. PTRI
j ≤ PT, ∀j (4.12b)

Rk ≥ Rmin, ∀k (4.12c)

δk ≤ δth, ∀k (4.12d)

Ptot ≤ Pth (4.12e)

where the first constraint (4.12b) limits the transmit power of FAPs, which also

limits how many UEs can be served by individual access points. Constraint

(4.12c) guarantees that the UE sets selected by the system have satisfactory rate

performance for serving groups of FAPs. Since fronthaul is used for accessing

data that is not present within the fog, the latency constraint δth shown in (4.12d)

can help locate UEs with low transmission rate to benefit from files located within

the caches in the fog, and place high rate UEs to the fronthaul, in which case the

delay introduced by the fronthaul links is endurable. δth can be chosen differ-

ently for different types of contents. Fronthaul links also consume power, which

introduces Pth as the power constraint in (4.12e). Fronthaul consumes much more

power than radio transmission, if unconstrained, selected UE sets can consume

tremendous amounts of power [110]. Reducing the amount of power consumed

by the UEs means sustaining as many communications within the fog as possi-

ble. This benefits the overall goal of improving energy efficiency in the upcoming

generations of mobile communications [111]. Further, looking at the delay char-

acteristics in (4.9), if all possible requested UE content is present in caches, the

selection becomes rate dependent, rather than relying on reducing the number

of links being used for fronthaul transmissions. As such, a fixed solution is not

beneficial and must be adaptable to many different factors in the network.
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Due to the presence of an integer optimisation variable and multiple floating-

point constraints, this problem becomes a non-convex mixed-integer non-linear

programming problem. Consider the following factors: 1) there are K UEs, 2)

each UE can associate with more than one FAP, 3) a total of M UEs can be admit-

ted at one FAP with M antennas, and 4) the sets of selected UEs can be different

at each FAP. Therefore, the computational complexity for an optimal brute-force

solution at each FAP j is O(JKM). With this combinatorial explosion, finding an

optimal solution is difficult, and using brute-force search methods is computa-

tionally infeasible even at relatively small networks (M ≈ 8, K ≈ 16). To find fea-

sible solutions to the problem, a deep RL-based method will be adopted, which

has high potential in dealing with dimensionally complex problems.

4.3 Environment Design

Consider an environment following the model defined in Section 4.2. In this sec-

tion, the states, actions and rewards which are available to each agent are defined

in more detail. It is assumed that all UEs enter and remain within the range of

their respective FAPs until their content requirement ck = {0, 1, · · · , ϕ} is met.

As stated in the system model, UEs provide feedback with CSI holding informa-

tion about SINR that they are experiencing γk, based on the estimated channel

strength |hj,k|. The FAP itself holds information about the power Pj, the avail-

ability of the content Cj,ϕ, and the expected delay under current conditions δj,k.

In this scenario, an agent is located within each FAP, accessing the required ob-

servations. An agent navigates the state-space observing one UE at a time, and

a single epoch lasts until all UE-FAP associations have been determined, which

is defined as an endgame. The specific variables and values are elaborated as

follows

• An endgame D ∈ {0, 1} is said to be reached (D = 1) when all users in set

K have been acted on, timestep k = |K|, initially D = 0.
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• The state observation vector for a single agent j observing UE k is oj,k =

{α, k, |hj,k|, Rk, max δ} and a collection of observations from all agents is the

full state of the system sk =
[
o1,k o2,k · · · oj,k

]
. This ensures that the

algorithm is flexible for a changing number of UEs.

• An action aj,k = {0, 1} is taken by all agents for each UE in range, where

action indices correspond to "don’t associate with current user", "associate

with current user", respectively. A collection of actions from all agents will

be a =
[
a1,k a2,k · · · aj,k

]
.

• The reward rk is handed out to the agent after each action and depends on

the performance metrics resulting from the decision. The reward function

is defined as

rk =


−Ptot

Pth
−∑k

δk
δth

, if D = 0,

xd − Ptot
Pth
−∑k

δk
δth

, if xd > 0 and D = 1,

rmin, if xd = 0 and D = 1,

(4.13)

where statistic of all UEs within a fog is readily available to the agents.

The way the reward is formulated improves the prospects of cooperation. For

the first two conditions, performance metrics are weighted by power and delay

thresholds, Pth and δth, respectively. This is used to normalize the impact of each

performance indicator in the rewards. Power consumption can be higher by a

factor of a thousand than the number of UEs associated with and significantly

larger than the delay. The first condition grants the agent intermediary rewards

based on power consumption and expected delays for the current number of se-

lected UEs, and grants the agent with an ability to familiarise itself better with

state transitions. The second condition assumes an end of association period and

grants the rewards based on the end result of the agent’s decisions. The first term
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is the term that satisfies the primary objective of a number of associations, and

the second term describes the condition of energy consumption within the net-

work. The last element of the equation is the sum of the delays that the UEs are

experiencing at the time of reward. The third condition prevents the agent from

not selecting any UEs, by using a minimum reward, rmin, as this undesirable so-

lution theoretically grants null power consumption and does not introduce any

delays to other UEs. Hence, a variable reward is chosen that would typically be

lower than the rewards from the top two cases. While the first case is useful in

helping the agent navigate the state-space, only the second condition is impor-

tant and shows how good the performance is when the final decision is made.

A high reward means that a large number of UEs have been served with power

consumption and delay close to the threshold.

Agents only take actions based on the system observation oj,k, and are not

explicitly aware of the system constraints defined in (4.12b)-(4.12e). To support

system constraints, algorithms implementing RL must have approaches to ad-

dress the constraint handling. The constraint handling method is included in

Algorithm 1 of Section 4.5. To make sure that constraints (4.12b)-(4.12d) are sat-

isfied, whenever an agent makes an action that would alter the selected user set,

the following procedure should be carried out. Initially, if the FAPs are informed

of the association decision, they must send an association signal to UE k. Upon

collection of association signals, the number of FAPs wanting to associate is fed

back to each FAP. The outcome for a new user set is found by calculating the ex-

pected Rk, Ptot, and δk for all K users. If constraints corresponding to these values,

Rmin, Pth, δth, respectively, would be breached, an action must be prevented and

no association takes place. If these conditions are met, the FAP must check if the

new user set will breach the association constraint, as the number of served users

for a single FAP is constrained by the number of antennas M.
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4.4 Neural Network Distribution

When more than one access point can communicate with the same UEs, coordi-

nating their efforts, as opposed to competing to provide resources to the same UE,

provides a significant performance boost [34]. Coordinated beamforming is typi-

cally performed at a centralized node, such as the BBU of the network, providing

the highest boost in terms of sum-rate. The drawback of using centralized coordi-

nated beamforming is the resulting long latency because of high dependency on

fronthaul rates [112]. Hence performing beamforming, by aligning beamforming

vectors at edge nodes, results in reduced latency, due to more accurate channel

information achieved at the edge, which can equivalently achieve better perfor-

mance than centralized beamforming. The issue imposed by enabling FAPs or

edge-nodes cooperation is that overhead is required in exchanging UE and de-

cision information before UEs can be served. This can be solved by predicting

other FAPs’ decisions using a deep learning method.

Most previous solutions focused on learning locally and then sending data

to a global aggregator, e.g. federated learning [113], distributed learning [114].

Keeping data centralised has its cons like reduced performance due to capacity

constraints and concerns, such as privacy and security. And, classical distributed

learning suffers from having to share model or gradient data between agents,

which can grow large with more advanced neural networks present in access

points.

In the research presented in the chapter, learning happens by agents exchang-

ing raw experience information Ej,k = {oj,k, aj,k, r, oj,k+1} with each other over

backhaul links. This is most like collaborative evolutionary learning. Exchanging

such data between FAPs instead of sending it all to the core network or an aggre-

gator somewhere at the edge reduces loads on fronthaul links. Models are also

allowed to develop independently to maximise their performance among them-

selves. In this method, agent cooperation is not only implicit, but also explicit, by
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introducing experience sharing as shown in Figure 4.2. Experience replay buffers

are used for single-agent off-policy learning to prevent a high temporal correla-

tion from recent samples in learning and reduce variance in predicted rewards

[115]. Sampling experiences in mini-batches using any probability distribution

improves the agents’ ability to adapt the current policy to previously experienced

scenarios. This method of learning is called off-policy learning since the data that

is sampled is not representative of the current policy used by the network.

FIGURE 4.2: Experience Sharing helps agents learn from other
agents’ experiences as if they were their own through off-policy

learning.

Since, by definition, off-policy learning can be achieved by sampling decisions

made by other policies, it is proposed to extend the algorithm by introducing ex-

perience exchange between the learners. When the environment states are not

defined by finite integers or finite names, the state-space can become exponen-

tially large or infinite. Even with a limited range, floating-point descriptor values

can have infinitesimal, but meaningful contributions to finding optimal or better

solutions. Additionally, with a large number of features, the curse of dimension-

ality becomes prominent [18]. It becomes difficult for agents to learn about the

environment efficiently if they learn alone. Due to multiple agents working in

the same environment and affecting the reward, the partially observable property
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makes the environment even more difficult to resolve [116], as the agents have to

predict what actions other agents would make, to maximize the reward. If the

agents learn individually, the algorithm could provide good results eventually,

with little convergence guarantee. Without having enough data to learn, agents

are likely to perform actions that provide a local optimum solution or no solution

for an unexplored state. Additionally, independent Q-learning struggles with

learning in multi-agent environments [102]. However, learning efficiency reduces

with an increase of experience replay size, due to outdated policies being present

in the experience replay buffer for a long period of time. On the other hand, a re-

duced buffer size reduces the stability of learning, as the samples become closely

temporally correlated, which results in a high variance in rewards, similar to the

problem in [22]. Having agents exchange experience information increases the

amount of experiences with policies that are different from the current one and

helps agents learn about states they could have previously not visited. An ex-

ample of this is shown in the model for experience exchange in Figure 4.2. At

timestep t = 0, agents only have clean experience buffers or experience buffers

with their own previous experiences. As time goes on, agents share raw expe-

rience data with each other. With the number of shared experiences increasing,

agents’ decisions that lead to solutions matching other agents with good rewards

get reinforced. On the other hand, solutions that would lead to local optimum

solutions, but do not benefit the overall goal as much, get pruned, as shown in

the t = 1 section of the same figure. Furthermore, at t = 2, it is shown that due to

the generalisation property of Q-learning, agents do not need to get consistently

retrained on similar properties. If an observation matches a previously observed

solution, agents intuitively find a good solution. In this case, not all agents have

to test the experiences individually.
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4.5 MA-DDQN Algorithm Design

Off-policy learning is a powerful tool that improves convergence speed and guar-

antees robustness in novel deep RL algorithms. The loss function with experience

replay can be derived as

L(β) = EU∼(E)

[(
rk + ρQ

(
oj,k+1, arg max

a
Q(oj,k+1, a|β)|β′

)
−Q(oj,k, aj,k|β)

)2
]

,

(4.14)

where the addition to the function appears next to the expectation operator.

U ∼ (E) is defined as a uniform distribution over the experience database E . The

uniform distribution also includes the current state that the agent is experiencing.

This solution was fine for single-agent environments, but was not well explored

in multi-agent environments. Usually, this was circumvented in literature by im-

plementing more complex algorithms, allowing full tracking of historical states,

like DRQN [117], or by performing centralised training and executing distribu-

tively [118], which led to large overheads in the network due to the sheer data

requirement to download the new models.

Since all agents have the same action space Ai = Aj ∀i, j and state-space

Si = Sj ∀i, j, sharing experiences between the agents with environments that are

sufficiently similar can improve the generalisation for all agents in the system.

This can be achieved by hardening the experience replay buffer with various so-

lutions to the same state at the same time. This can be achieved without them

explicitly exchanging large model or observation information prior to making a

decision, and with low cost in the overhead of the network.

While a similar theorem is straightforward knowledge for algorithms such as

A3C [101], which used complete MDPs, it cannot directly be applied to POMDP

environments, as agents are interacting with a shared environment. This means
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Algorithm 1 Multi-Agent Distributed DDQN in F-RANs

1: Initialise environment with K UEs, J FAPs each with M antennas, J agents
β J = [β1, β2, · · · , β J ], and J empty experience replay buffers Ej = ∅ ∀j

2: for k < |K| do
3: for all agent j do
4: Agent receives oj,k and performs action aj,k
5: if aj,k = 1 then
6: FAP j predicts Rk, Ptot and δk ∀k
7: if Rk > Rmin and Ptot < Pth and δk < δth then
8: if aj,k = 1 and ∑k xj,k < M then
9: Associate with UE k

10: else
11: Remove UE k− 1 associate with UE k
12: end if
13: end if
14: end if
15: Agent receives reward rk, stores result in Ej,k =

{
oj,k, aj,k, rk, sj,k+1

}
and

updates β j ← (4.14)
16: Agent appends Ej ∪ Ej,k and transmits Ej,k to adjacent agents
17: end for
18: for all agent j do
19: j receives experiences and appends them to its own buffer Ej ∪{

Ej−1,k, Ej+1,k
}

20: for all s′ sampled by U ∼ (Ej) do
21: j updates β j ←(4.14)
22: end for
23: end for
24: end for

that the action of one agent affects another. This is why DDQN [22] may fail

in POMDP environments. Given an observation oj, agents will behave differ-

ently depending on what they have learned and can over or underestimate the

reward based on how other agents behaved previously if the amount of informa-

tion about previous states is limited to only one agent’s experiences. Experience

replay is already responsible for saving experiences locally and replaying them to

improve the prediction of the Q-value by reducing the value of the loss function

as shown in (4.14). Experience replay in a multi-agent POMDP is used by defin-

ing the extension to the experience saving, transmission, reception, and replay,

which will be the basis for an MA-DDQN Algorithm.

This holds for the given environment, after an epoch of steps K > k agents
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can exchange their experiences with each other. Agent experience exchange is

demonstrated in Algorithm 1. The received experience includes the values for

states, actions, rewards and following states. Typically, experience replay mem-

ory had to be limited in previous investigations [23] [102], due to the experi-

ences being very distant from the current policy. Using experiences from other

agents generates more off-policy and off-environment information that is repre-

sentative of the current policy and improves sample efficiency without needing

importance sampling. Since uniform sampling is used, no additional complexity

is introduced with the additional sample efficiency. It is preferred to not limit

the exchange range to only agents at adjacent FAPs, as in a realistic deployment

scenario the environments might call for different actions to be taken for a similar

observation, leading to a better convergence in solution.

4.6 Simulation Results

In this section the performance of the proposed MA-DDQN algorithm compared

to a multi-agent individual DDQN (IDDQN) learning method is presented. Both

IDDQN and MADDQN agents are defined as neural networks. Both consist of a

target and estimation neural network, which are fully interconnected neural net-

works as shown in Figure 4.3 with an input layer of 5 neurons, 4 hidden layers

composed of 64, 128, 3136, 256 neurons in each layer respectively, but can be al-

tered in the process of optimization to reduce resource requirements and achieve

different results. The hidden layers are composed of rectified linear unit (ReLU)

neurons, where ReLU is a piecewise linear function. These units are standard

for deep learning algorithms as they do not suffer from the vanishing gradient

problem, which is common in multi-layer learning algorithms. When inputs ar-

rive at neurons they are summed, and the ReLU function will output the input if

it is positive, otherwise, the output will be zero. The final layer results are then

split into a value layer, the sum of which provides the predicted Q-value for a
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Rk
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α

|Hj,k|

Ptot

Hidden Layers
(64, 128, 3136, 256)
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Qy1

y2

Output Layer 
(2)

Q-Value

FIGURE 4.3: Neural network used for DDQN and MA-DDQN algo-
rithms.

decision. Results have been presented for the DDQN algorithm after 50,000 and

25,000 training timesteps, as specified in figure captions. At the end of training,

the network shows predictable converged behaviour and is operating with 5%

chance of taking a random action.

4.6.1 Training Results

Agents are deployed in the environment as described in Section 4.3 and their neu-

ral networks are initialised with arbitrary random parameters at t = 0. The learn-

ing results are achieved with a discount rate ρ = 0.99, learning rate µ = 0.00025,

experience batch size SE = 512, pre-training steps Tpretrain = 512, probability of

random action during training ϵ is chosen in a reducing value over time between

the values [0.99 : 0.05], the minimum reward is rmin = 0. Simulation parameters

for both algorithms are chosen to include J = 3 FAPs and agents in the envi-

ronment, with a maximum transmit power of PT = 30W, the number of users
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is K = 20 to ensure a quick feedback loop and each user has a minimum rate

requirement of Rmin = 5 Mb/s. The network can consume Ptot = 1000 W of

power and introduce a delay of δth = 0.1s. Training results are shown in Figure

4.4 which are achieved from running 2 different training scenarios. In scenario

shown in Figure 4.4(a) the agent updates the target network every τ = 119 steps.

This is done deliberately. High density of target network updates destabilizes

learning because of high temporal correlation between the two networks. The

intention is to see if the algorithm can accommodate training with inherent lack

of stability. In the second scenario shown in Figure 4.4(a), the density of target

network updates is reduced. It is set τ = 1500 to increase the stability of learning.

Results are smoothed out with a cumulative average of the achieved rewards,

to eliminate randomness of the results and observe the trend in convergence be-

haviour of the algorithms. The proposed MA-DDQN algorithm is compared to

the individual learning DDQN (IDDQN) algorithm, which is the only contender

capable of solving the problem and is used widely in other works. At the same

time, suboptimal greedy solutions are provided as a benchmark in exactly the

same random environment determined by an equivalent seed. Since the base

algorithm that is used for both IDDQN and MA-DDQN is the same, a simi-

lar pattern in training is noticeable in the beginning in both Figures 4.4(a) and

4.4(b). It can be seen that the proposed algorithm shows faster convergence and a

higher overall reward at the end of training in both scenarios, when probability ϵ

is close to 0, while the standard IDDQN algorithm shows a reduced average per-

formance. As a result of more experiences being available, for the same training

scenario as IDDQN, the MA-DDQN algorithm shows convergence to a higher re-

ward as training continues. It can be seen from Figure 4.4(b) that IDDQN agents

diverge from the solution more than they do for the scenario with more stable

target network updates. The proposed algorithm does not show a similar de-

terioration, meaning that experience sharing provides an extra layer of stability

when learning.
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0 200 400 600 800 1000 1200

Training Epochs

0

1

2

3

4

5

6

A
ve

ra
ge

 R
ew

ar
d

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

P
ro

ba
bi

lit
y,

 

Cache Priority
Sumrate Priority
IDDQN  = 1500
MADDQN  = 1500
 probability

(B) For training steps T = 25000.

FIGURE 4.4: Training results over entire training period for DDQN
and MA-DDQN algorithms, higher is better. 1 epoch is equal to 20

training steps.

Figure 4.5 shows a significant statistic to compare the used RL algorithms,

which is the learning loss. Learning loss, as stated in (4.14) shows how much

the agent deviates from the predicted reward on a new decision. It can be seen

that the proposed algorithm shows a better average reward at the end of training

in Figure 4.4, however Figure 4.5 shows an approximately 25% better learning

performance due to a smaller loss across the entire training period. The two
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FIGURE 4.5: Difference between predicted reward and received re-
ward over entire training period for DDQN and MA-DDQN algo-

rithms.

figures are connected. Since loss shows how well the agent has generalized its

previous experiences, an algorithm with lower loss is less likely to overestimate

or underestimate its future solutions. At the end of training, when the number

of target update steps is small (τ = 119), the performance of IDDQN is about

3 times worse than the proposed algorithm. Lower loss can be associated with

the better decision making. When agents are making decisions with ϵ = 0.05

the proposed algorithm trains agents to associate with more users in Figure 4.4.

This proves that exchanging experiences between agents in a POMDP, thus in-

creasing the number of experiences in recent policies, stabilizes and improves

training. It is also tested how altering the target network update can affect the

two training algorithms, as it is known that larger time difference between target

network updates can stabilize learning further. By changing the target network

update from happening every 119 steps to every 1500 steps it can be seen that the

performances of both algorithms improve, the stability increases and the average
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TABLE 4.1: Training results comparison for a large and a small net-
work using MADDQN

Users Served Average Duration Loss Single
Episode
Learning
Time

Large Network 7.449 0.0104s 40.1631 0.5625s
Small Network 7.551 0.0109s 42.9084 0.5000s

losses decrease. Although more stable when the target network update happens

less often, IDDQN does not catch up to the performance of MADDQN and shows

about 30% worse performance in predicting the reward.

Deep learning network size is a parameter that can be tuned to achieve differ-

ent results. Using a larger neural network means that the results will take longer

to be achieved. It can take careful optimisation to achieve the best results when

considering the performance and size trade-off. Table 4.1 shows the comparison

of results when using a smaller neural network running a MADDQN method.

The results labeled "Large Network" are using the neural network described in

the preface to the section and shown in Figure 4.3. The other results are from a

smaller neural network, having only 3 hidden layers between the input and out-

put and they are composed of 64, 128, 256 neurons each. It can be seen in the table

that the simulation results do not change significantly. The larger network serves

a smaller number of users, but chooses users more accurately than the small net-

work. This is backed up by the fact that the duration that each user experiences

is lower than that of the small network, as well as the fact that the loss is lower,

meaning that the larger network is making the decision while estimating the re-

sult more accurately. Depending on the application, the decision on the size can

be more impactful. In the environment that the networks are trained in, the extra

hidden layer introduces a 0.0625s overhead.
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4.6.2 Performance Metric Results

User Selection
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FIGURE 4.6: Simulation output showing number of UEs served un-
der required constraints.

In this and following sub-sections the results related to individual perfor-

mance metrics are presented. In this sub-section it is explained how the reward

in Figure 4.4 gets influenced by the number of users that have been successfully
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served by the system. The system has 20 UEs in total. In this scenario, FAPs have

a static cache holding 3 possible cacheable objects out of a total 4, UEs randomly

choose 1 out of the 4 files and make a request to the system. In this scenario with

a limited size cache, some files are not present at some FAPs and they have to

be acquired from the cloud/Internet. If the file reaches the UE completely with

specified constraints, the UE is denoted as being served by the system. IDDQN

algorithm is deployed in the environment for comparison with MADDQN al-

gorithm as well as simple greedy methods that are aiming to serve users with

close cache proximity (Cache Priority) or with higher sumrate (Sum rate prior-

ity). Greedy algorithms fail to adapt to the environment and converge to an aver-

age 4 users served despite what is being prioritized. Despite seemingly random

performance looking at the greedy algorithms it can be observed when better

performance would be expected from deep learning methods. A peak in greedy

algorithm performance is indicative of favourable conditions for deep learning

algorithms as well, since the environment seed is the same for all algorithms. In

Figure 4.6(a), as in the reward for 3 cacheable objects (c.o.), the number of users

served converges to a solution at the end of training. When the updates of tar-

get network are frequent, i.e. τ = 119 the MADDQN algorithm learns about the

environment better. Because of a higher loss overall in this scenario, the opportu-

nities to diverge benefit MADDQN algorithm and provide it with more learning

experiences. DDQN performs about 40% worse at the end of training, showing

that the algorithm finds some strategies for associating with different users across

3 FAPs, but the strategy is not as good as the one found by MADDQN algorithm.

A similar conclusion can be drawn for Figure 4.6(b). When the frequency of target

network updates decreases to τ = 1500 the performance of the IDDQN algorithm

becomes similar to that of the greedy algorithms. At the end of training, the pro-

posed algorithm outperforms the standard algorithm by approximately 40%.

In addition to exploring how changing hyperparameters of training can affect

the agents, it is also possible to change the parameters of the environment. One of
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the significant parameters to the system is the cache availability. The number of

cached objects in the FAPs can be altered to observe if that improves or degrades

the performance of deep learning algorithms. Since there is already a reference

for greedy algorithms, they can be replaced with curves of algorithms under test

for a reduced number of c.o, e.g. 1 c.o. instead of 3. The results for this, shown
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in Figure 4.7 are predictable. When algorithms converge, the trend follows the

fact that when the number of cached objects decreases, the performances of both

algorithms decrease as well. However, the significant improvement of MADDQN

is easily visible. When the number of c.o. decreases from 3 to 1, the performance

falls only slightly from 7.75 users served to 7.5. That is a large performance

increase over IDDQN, showing that the performance decreased from about 6.5

users to less than 5 users served as the cached object number decreases.

Power Consumption and Service Delay Results

Power consumption efficiency of deep learning algorithms for different numbers

of c.o. is shown in Figure 4.8. To generate these results, the instantaneous power

consumption of each FAP is divided by the number of users served. This nor-

malisation shows how well the solution of each algorithm chooses the users to

meet the power consumption constraint. As the cache availability increases, the

power consumption performance of both deep learning algorithms converges.

The performance of the IDDQN algorithm is nearly identical to MADDQN, how-

ever referring to Figures 4.6(a) and 4.6(b) it will become obvious that while the

power consumption for IDDQN is identical to MADDQN, it does have additional

power to spend to associate with more users. However, MADDQN performance

is significantly better when the number of c.o. is lower. The performance of

IDDQN degrades as the training continues and when the agent is making most

of the decisions it fails to complete requests for users while maintaining a good

power efficiency. This is consistent with Figures 4.4 and 4.6, as the reward begins

to drastically fall at the end of training, while the agent is making overestimations

for its decisions.

The delay experience by the users shows more performance gain when MAD-

DQN is used. When the number of cached objects is high and low, MADDQN

finds users to serve to minimize the possible delay which increases the resulting
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FIGURE 4.9: Delay performance for 1 and 3 cacheable objects (c.o.).

reward. IDDQN fails to find similar user sets. When comparing the average du-

rations, IDDQN is 2ms behind MADDQN on convergence and when the number

of cached objects is low, IDDQN performance is drastically decreased. As the

number of cached files increases, the number of good solutions becomes closely

linked to the channel quality experienced by the UEs. However, the delay will

also be reduced as it is completely dependent on the high-speed wireless trans-

mission links and is not bottlenecked by the Xhaul processing. Consequently, it

becomes harder to find optimal UE combinations that would provide the small-

est delay. How this principle affects different algorithms is shown in Figure 4.9.

The delay is related to the number of UEs served, as an increase in the size of

the served UE set means that the power (and achieved rate) is split between the

served UEs, consequently increasing the delay. As shown for greedy algorithms

(cache priority and sum-rate priority in the figure), when the number of UEs in

the system is large, the delay increases. Just as for power consumption analysis

it is preferred that if the number of served UEs is large, the delay should be large

as well, as it shows how well the algorithms use the allocated thresholds.
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4.7 Summary

In this chapter, the F-RAN system was presented as a POMDP environment,

which has stochastic outcomes based on agent decisions. It has been shown

that low-complexity greedy-type mechanisms that would typically be used to

save computation and transmission overheads do not perform well, as they re-

sult in optimizing local greedy solutions. To improve the system performance,

novel method called MA-DDQN was proposed to reduce training times, im-

prove learning stability and improve the reward received on convergence. It

was showed that the method performs approximately 50% better than greedy

algorithms and 22% better the DDQN algorithm, when deployed in the same en-

vironment. The algorithms were simulated in a network with a small number of

antennas and a comparably large number of UEs, a varying number of cached

objects and by altering the frequency of target network updates to measure the

stability of the proposed algorithm. The simulation results have validated that

the proposed method performs better than the DDQN algorithm. The reward at

the end of training was improved and following the results of training losses it

was presented that MADDQN is significantly more stable during training. MAD-

DQN outperforms DDQN in all metrics, i.e. by serving 25%− 50% more users,

consuming 2 times less average power and reducing user experienced delay by

10%− 30%.
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Chapter 5

Distributed Cache Access in Fog

Radio Access Networks

5.1 Introduction

With autonomous driving, smart cities, cloud-based gaming and beyond 4K video

coming into fruition, network requirements are increasing at a rapid rate, which

is proving challenging for the current generation of mobile network architecture.

With every household increasing the number of connected devices, the amount

of data being generated is vast and the amount of data consumed has increased

by 300 times compared to 2011. In an Ericsson Mobility Report, released in 2021,

it is forecast that global mobile network traffic will further increase from 59 ex-

abytes per month, consumed currently, up to 370 exabytes emob. With video-rich

application traffic being the highest compared to voice calls and text traffic, it is

clear that the network architecture has to be sufficiently equipped to provide for

the increasing user demand. With this in mind, a cell-free hybrid distributed and

centralised architecture, fog radio access network (F-RAN), with caches and com-

puting being available at the edge has been introduced [44]. With a large number

of communications needed to make F-RANs work, a latency constraint must be

satisfied before they can be brought into operation, which makes F-RAN an in-

teresting and necessary subject to research.
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F-RAN is proposed as a network evolution to a centralised architecture, aim-

ing to reduce the overhead and load on front-haul links and provide low latency

[12] by evolving the RRHs in C-RAN with a novel component called a fog ac-

cess point (FAP). FAPs have baseband processing capabilities and are equipped

with caches, with this evolution F-RANs allow for network control and storage

to be distributively performed. With distributed baseband processing, coopera-

tive radio resource management and cooperative radio signal processing, similar

to [36], the architecture enables low-latency content access at the edge. Cloud

layer is also present in F-RAN, and can be used when content is unavailable to be

accessed in fog layer. As most of the processing and caching is done within the

fog layer, channel information does not need to be transmitted over long front-

haul links, which would introduce latency. Therefore, F-RAN architecture can

improve channel accuracy, resulting in high transmission rates and low latency.

However, the unique challenges caused by cell-free resource management and

content acquisition capabilities enabled at the edge, cooperative methods have

to be developed among FAPs. Without cooperative algorithms, strong interfer-

ence can be introduced due to the overlapping coverage areas of different FAPs.

Therefore, joint cache allocation and cache content control is essential to manage

available resources efficiently.

Cache management was addressed in [14] using a classical tabular Q-learning

reinforcement learning method. The paper used content popularity to populate

the caches with the most popular contents and improved the cache hit proba-

bility for a random association and random requests of users. Cache-focused

transmission, otherwise known as cache selection was studied in [28]. Using a

hard-coded two-step optimisation algorithm the authors target a low-latency re-

quirement and prioritises FAPs that have cached contents available and uses joint

transmission to maximise the possible file delivery rate. While optimizing these

problems individually has shown good results, it is difficult to judge the optimal-

ity of the solutions, as both solutions’ optimality depends on the performance of



5.1. Introduction 93

the other algorithm. A joint solution has been attempted in [29] using a tabu-

lar reinforcement learning method to select which services to cache at the edge

by evaluating possible rewards using an upper confidence bound function and

using a low complexity method to guide requests to adjacent edge computing

nodes or the cloud. A few shortcomings exist in previous literature, such as not

taking into account that memory is utilized during run-time, which could lead

to edge nodes being unable to execute a task if too many users request the same

service. Additionally, the reinforcement learning work [29] does not consider the

state of the adjacent edge nodes prior to off-loading, which could result in re-

duced quality of service. Considering the extra information leads to a complex

problem, for which joint optimisation of cache content delivery and cache content

management could be solved with a deep reinforcement learning method.

Since cache optimisation involves key performance metrics such as power

consumption, fronthaul load and total data delivery rate, it becomes a high di-

mensionality problem. Since high dimensionality problems have sparse data sets

it can be difficult for low-complexity algorithms to solve the problems through

generalisation. Deep learning has already been used for complex, high dimen-

sionality tasks. Sharing information between agents has been investigated in

some work. In one work agents agents had different roles in the same environ-

ment, using communication to increase the number of observations available to

each other. Experience sharing was possible in A3C [20]. It was an algorithm

that simultaneously performs policy optimisation as well as policy evaluation,

through the actor and critic respectively. In A3C, experiences are shared among

homogeneous agents interacting with an instance of the same environment where

they do not interact with each other, which is identical to single-agent learning.

Previous reserach studied how multiple agents can learn cooperatively to im-

prove learning speeds. However the results from the mentioned papers are only

applicable to fully observable or complete Markov decision process (MDP) en-

vironments, where agents are deployed and interact with separate instances of
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the same environment. If agents exist within each others’ environment, they re-

quire a lot of communication prior to making a decision. However, in F-RAN

architecture, FAPs can only partially observe the environment, leading to a par-

tially observable MDP (POMDP), as exchanging observation information to form

a joint observation and joint action could lead to significant overheads. Some

work has been done in the area of MARL in POMDP, mainly however the paper

used a method similar to hyper-Q-Learning, in which agents learn about the poli-

cies of the other agents and does not focus on the area of experience sharing or

exchange.

This chapter describes a solution to a joint cache selection and cache manage-

ment problem in F-RAN using a focused batch distributed deep reinforcement

learning (DRL) method. The method optimises the utilisation of caches by ac-

quiring content from the cloud and allocates users to FAPs to maximize the cache

hit ratio. The main contributions of this chapter are as follows:

1. For F-RAN, which is a partially observable MDP a distributed DRL method

is developed with focused experience exchange. Using a focused experience

exchange method it is shown that in a multi-agent DRL, convergence can be

guaranteed with a decrease in the size of information overhead consumed

when learning. It is shown that the method outperforms conventional DRL

methods that use gradient exchange or naive experience exchange in terms

of communications efficiency.

2. The proposed method is applied as a novel two-step optimisation method

which manages the cache placement in the first step and allocates users to

F-APs providing the desired content in the second step. The performance

of the proposed algorithm is compared to distributed methods that provide

near optimal performance without consideration of the joint optimisation.

The further structure of the chapter is as follows, in Section 5.2, the system

model is introduced. In the system model, both the transmission model and
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caching model are explained and the problem to be solved is formulated. In Sec-

tion 5.3 the problem solving algorithm, focused batch double deep Q-network

(FB-DDQN), is presented. The problem solving algorithm must be deployed in

an MDP, which is described in Section 5.4. The results from simulations are pre-

sented in 5.5. Finally, the chapter is summarised in 5.6.

5.2 System Model

5.2.1 Ricean Fading Transmission

Start with an F-RAN environment, with a set of F-APs J , of size |J | = J. Each

FAP is equipped with M antennas, all of which are used for transmitting and

F-APs are connected to the cloud network via fronthaul. The FAPs are also in-

terconnected with each other with backhaul [36] links that have a lower capacity

than the fronthaul. In F-RAN the network access layer needs connectivity be-

tween FAPs to be able to exchange information required for CRRM. With this in

mind, backhaul links are utilized to share network information with low latency.

Thanks to CRRM, the FAPs can connect to multiple users by using coordinated

beamforming (CB) and joint transmission (JT) techniques [36]. As more resource

intensive functionality is handled by the cloud network, it can be assumed that

the cloud is responsible for FAP synchronisation and as such, no additional inter-

ference is incurred from phase inaccuracies at the FAPs. A downlink scenario is

studied with a set of users K, waiting to be allocated resources, of size |K| = K.

Each user is equipped with a single antenna. Since each FAP can associate with

any number of users through multiple beams, and user k ∈ K to FAP j ∈ J

association factor is given as a variable xj,k :

xj,k =


1, if k is associated,

0, if not.
(5.1)
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the sum of associations Σkxj,k, ∀j ∈ J is the cardinality of setK(j) that includes

all the users associated with FAP j. The union of all association sets produces a

set of users associated with the fog and is shown as
⋃J

j=1K
(j) = K( f ).

Note, that even if the interest lies in associations within fog, with global syn-

chronisation between FAPs assumed some information may not be known by the

rest of the FAPs. Assuming CoMP and imperfect channel estimation, the data

stream would be jointly transmitted to the user in multiple streams of message

signals sk, the main source of interference comes from the inter-stream interfer-

ence of F-APs themselves. As such the received symbol at user k is:

yk = ∑
j

xj,kĤH
j,kFj,ksk + ∑

j
∑
i ̸=k

xj,iĤ
H
j,kFj,isi + n, (5.2)

where n is the additive white gaussian noise (AWGN), satisfying N (0, σ2
n).

Ĥj,k is the CM×1 estimated channel response that follows a Rician channel model

with U paths between an FAP and user. Since users are mobile, signals trans-

mitted by the users undergo Doppler fading, and have coherence time td. Ĥj,k is

composed of M channel responses, and is denoted as

Ĥj,k =
[

ĥj,k,1 ĥj,k,2 · · · ĥj,k,M

]T
(5.3)

where each entry ĥj,k,m represents a single user’s k channel response to the

antenna m of AP j. With imperfect channel knowledge, the channel response that

is known at the FAP j is also affected by error and is split into the true channel

response Hj,k =
[
hj,k,1 hj,k,2 · · · hj,k,M

]
, where each hj,k,m = Rice(a,

√
σ2/2),

where n ≥ 0 is the magnitude of direct path, and H̃j,k, the associated channel

error, which has a certainty property ρ = J0(2π fdτ), where τ is the time passed

since channel estimation τ << τd and fd is the respective Doppler spread. The

channel certainty tells us how much of the estimated channel is true and how
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much is affected by the channel error, as:

Ĥj,k = ρHj,k + H̃j,k + ȷ (5.4)

the channel error H̃j,k is of the same dimension as Hj,k and follows a zero

mean complex Gaussian distribution CN (0, σ2
ϵ ) and each element has variance

given by σ2
ϵ = σ2

H(1− |ρ|2), η ∈ CN (0, σ2
n) is additional complex Gaussian noise

during estimation. Since the channel information is not perfect or fully accurate,

Zero Forcing beamforming weights are calculated for the estimated channel as:

Fj,k(ρ) = (ĤH
j,kĤj,k)

−1Ĥj,k (5.5)

FAPs have limited instantaneous transmit power, denoted PTRI
j , which is cal-

culated as a sum of all beamforming vectors allocated to the users:

PTRI
j = ∑

k
PTRI

j,k = ∑
k

xj,k|Fj,k(ρ)
2| (5.6)

The resulting SINR experienced by the user is calculated and fed back as fol-

lows:

γk(ρ) =
∑j xj,k|Ĥ

H
j,kFj,k(ρ)|

∑j ∑i ̸=k xj,i|Ĥ
H
j,kFj,i(ρ)|2 + σ2

n

, (5.7)

from this the resulting rate that can be experienced by the user is denoted Rk

and is derived as:

Rk(ρ) = B log2(1 + γk(ρ)). (5.8)
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Where B is the communications bandwidth.

5.2.2 Dynamic Service Caching Model

Service applications with an index l from a set of available applications L =

{1, 2, · · · , L} can be cached within an FAP. zj,l is the service placement indicator

that is decided as

zj,l =


1, if l is present in cache j,

0, if not.
(5.9)

Each service has an application size, I/O size, memory and computing re-

quirements associated with it, having units of gigabytes (GB) for application, I/O

and memory sizes, and giga-instructions (Gi) for computing, respectively. Re-

quirements can be represented as a requirement tuple rl = {D
app
l , Dio

l , Ml, Cl}. In

an FAP with limited cache size Dj services can be cached so long as ∑l,j zj,lD
app
l <

Dj. Service applications are assigned popularity pl which represents the proba-

bility of the service being requested, which follows a Zipf distribution [119] that

is unknown to the FAP, an example request distribution is shown in Figure 5.1.

Based on caching decisions made by the FAP, cache hit-rate χl is a metric that

tracks how well can the fog radio layer accommodate service requirements, par-

ticularly for low-latency services.

When user k makes a request for a service l, the request is received by the

closest FAP j. Based on factors like Ml, Cl, Sl
j and

∣∣∣K(j)
∣∣∣, the FAP can make a

decision to either process the requested service locally at the FAP j, off-load it to

the other FAPs v ̸= j or off-load the request to the cloud. If the request off-loading

is successful, the user can be appended to the list of users served by another FAP,

which reduces the resources that can be used in another FAP.
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FIGURE 5.1: Recorded probabilities of each service request

5.2.3 Problem Formulation

Given the system model, it is possible to split the problem into two parts which

can be individually optimized. First, optimizing the placement of service applica-

tions within FAP caches after initially having a random placement of applications.

Second, optimizing the service orchestration given random requests from users.

To solve these problems, the objective is to maximize cache hit rate χ within the

fog, by populating caches with popular contents. The objective is shown in (5.10).

max χ =
∑L

l=0 χl

K
. (5.10)

This problem is most commonly seen as a capacitated facility location prob-

lem (CFLP), due to a set of candidate FAPs and a set of clients for any service. The

capacity can be perceived as limited resources at each FAP. Establishing facilities

are similar to caching services, the cost of serving a client is the service response

time. The objective being caching services (opening facilities), given their con-

straints and minimize serving costs. Since CFLP is proven NP-hard, this applies
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to this problem as well.

5.3 Focused Batch Double Deep Q-Network

Algorithm 2 Focused Batch multi-agent DDQN

1: Initialise environment with T = K UEs, J FAPs with M antennas, J agents
β J = [β1, β2, · · · , β J ], deviation σe, and J empty experience replay buffers
Ej = ∅ ∀j

2: for t < T do
3: for all agent j do
4: Agent receives st

j and performs action at
j

5: Agent receives reward rt, stores result in Et
j =

{
st

j, at
j, rt, st+1

j

}
and up-

dates β j ← (4.14)
6: Agent appends Ej ∪ Et

j
7: if t mod Tcom = 0 then
8: Choose and transmit experiences 5.12
9: if Received Es ̸= ∅ then

10: Collect and transmit experiences Ee =
(
Ej : |sj − ss| > sj · σe

)
11: end if
12: if Received Ee ̸= ∅ then

13: Update β j ← EEe

[(
rt + ρQ

(
st+1

j , arg maxa Q(st+1
j , a|β)|β′

)
−Q(st

j, at
j|β)

)2
]

14: end if
15: end if
16: end for
17: end for

In this section, the algorithm that makes distributed DRL experience exchange

communication efficient is described. When learning in DDQN, agents use ex-

perience replay buffers to reduce temporal correlation of samples when learning

and thus enforce reduced variance when learning about possible solutions. When

an experience replay buffer is used the loss function is modified to include the

mini-batches that are sampled every time step following any probability distri-

bution. If a uniform distribution is used, the loss function that is used to update

the neural networks are calculated by
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L(β) = EU∼(E)

[(
rt + ρQ

(
st+1

j , arg max
a

Q(st+1
j , a|β)|β′

)
−Q(st

j, at
j|β)

)2
]

.

(5.11)

This function is passed into an Adam optimizer to minimize the loss and the

resulting gradient update is applied to the neural network. As agents are learn-

ing, in the same time step, the temporal difference (TD) error et = Qt(st+1
j , at+1

j |β
′)−

Q(st
1, at

1|β) of the experiences can be extracted and stored alongside the sampled

experiences, as Et =
(
st, at, r, st+1, et). The fact that the system is always aware

of how much knowledge the neural network has about certain states can be used

here. In algorithm 2 the FBDDQN algorithm is presented. The algorithm uses

current maximum TD error, and this is used together with a globally known given

deviation σe to collect a number of experiences from the local experience buffer.

This algorithm is made to be communication efficient, by reducing the amount of

communication data. This is done by introducing a hyperparameter - a number

of time steps Tcom after which to exchange experiences. The experiences are col-

lected by comparing all of the experience TD errors to the current maximum TD

error, this is expressed by

Es =
(
Ej : (max eTD − eTD) / max eTD > σe

)
(5.12)

If the TD errors are within a sufficient range they get selected as sample ex-

periences within a set Es. This set is sent out as a request to nearby agents in the

fog and using the same σe other agents collect experiences in a set Ee that would

be similar to the the received samples and transmit them back to the requesting

agent. Upon receipt of the experiences, rather than storing them in the experience
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buffer, they get immediately sampled and used to generate an additional loss gra-

dient to update the neural networks and then discarded to prevent agents from

confusing external environment experiences with their own when using classical

experience replay. If the deviation σe stays the same while learning, the issue of

oversampling becomes significant. As agents learn, TD errors decrease as well as

more similar experiences are present, which results in more experiences within

the same range from the max TD error. It is proposed to reduce the range σe with

the value of epsilon that is used to determine the greediness of the system, which

will result in sample communication converging.

5.4 Environment Design

The environment in which the algorithm is deployed is presented as a process

split into two stages, cache population and service orchestration. In the first stage,

that runs every T timesteps, agents are responsible for populating caches. In this

stage, agents receive information about L most popular service applications and

choose which to download into caches. Service popularity pl, storage require-

ment Dl, and cache hitrate χl are the most important values for this decision. The

state in this scenario is sc
t = {p1, χ1, D1, · · · , pL, χL, DL}. Processed by a neural

network, this agent produces an action ac
t = {∅, {1}, {2}, {1, 2} · · · , {1, 2, · · · , L}},

which decides which service applications should be cached in the current agent’s

FAP.

In the second stage, which is the service orchestration stage, agents receive a

number of requests from K users. Each request comes in the shape of a service

index l and a payload of Dio
l GB. Assuming that each FAP stores information on

all possible services, information such as Ml and Cl are also available to the agent.

Additionally, the agent wishes to prevent congestion at downlink transmission,

as such, it has to monitor the number of currently associated users |K(j)|. Through

network monitoring, and periodic updates, the core network can provide other
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information as well, such as the memory utilisation of other fog nodes which

store this service, Mv, v ̸= j as well as the CPU utilisation, Cv. Using this infor-

mation, a state for a service request is given as ss
t = {|K(j)|, Ml, Cl, Mj, Cj, Mv, Cv}.

The processed action that this agent produces is as
t = {0, 1, 2}, where the indica-

tors are

• 0 - Process locally at the current FAP.

• 1 - Process within other FAPs.

• 2 - Process in the cloud.

Where cloud processing would only be used as a fallback for very demand-

ing tasks due to the additional delay that is introduced when performing cloud

computing.

The reward function is formulated following the objective with an addition of

rewarding the agent for also serving more users in the fog layer, i.e.

r =


χ + |K( f )|, if |K( f )| > 0

0, otherwise
(5.13)

This function rewards the agent for correctly predicting which services to cache

as well as how to orchestrate the delivery of these services. The second case is

used to ensure that the agents attempt to allocate some users to the fog layer

regardless if they have services that satisfy the requirements, as they can still be

served through the connection to the cloud layer. Rewards are granted to the

agents after every step of the second, user service, stage, while rewards for the

cache population stage are granted once the user service episode is over. Using

this information, agents can be trained in a simulated environment.
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5.5 Simulation Results

The purpose of this section is to show the performance of the proposed FB-DDQN

algorithm in comparison to other methods of learning, namely naive exchange

that would exchange every experience as it is being experienced by the agents

and gradient data exchange algorithm which would exchange update gradients

in order to reach convergence. The environment that the algorithms are deployed

in are identical. That is, the numbers of FAPs, sizes of caches and UEs have not

changed, the simulation parameters and hyperparameters are the same. These

parameters are shown in table 5.2. Services that can be requested are split into

4 different categories and the categories and their normalised requirements are

shown in Table 5.1. Type 1 would be representative of a lightweight tool, such

as calculators or QR Code readers or text-based applications, such as news appli-

cations. Type 2 application is most close to productivity tools, such as calendar

apps, while storing a calendar on a network cache would not be safe or private,

the network could cache data relevant to personalisation or important events in

the area. More resource intensive software, like online or cloud-based gaming is

a type 3 application. Finally the type 4 application is a standard application with

medium requirements all around, media players, browsers or file compression

tools that could be deployed in a network.

TABLE 5.1: Normalized application requirements

Type 1 Type 2 Type 3 Type 4
Application Size, Dapp

l 0.2 0.4 0.3 0.2
I/O size, Dio

l 0.1 0.2 0.3 0.3
Memory, Ml 1.0 1.0 2.0 0.4
Compute, Cl 0.4 0.14 2.0 0.6

Simulation results of the amount of data sent over the network are shown in

Figure 5.2. Data is presented for ranges of training steps. It can be seen in the

figure that a naive experience exchange algorithm (MADDQN) shares the same

amount of data during the training period, as the amount of data only depends on
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TABLE 5.2: Simulation parameters and hyperparameters

Value
Discount rate ρ 0.99
Learning rate µ 0.0001
Batch Size SE 512
Experience Replay Buffer size 25000
Pre-Train Period Tpretrain 512
Target network update period τ 1500
Greedy action probability ϵ [0.99:0.05]
Deviation σe [0.80ϵ, 0.95ϵ]
Communication Period Tcom 500
Number of UEs K 20
Number of FAPs J 3
Number of antennas M 16

how many agents are learning with MADDQN. For the proposed algorithm, the

amount of data being sent depends on four factors: what states the requesting

agent is unfamiliar with, as shown by the TD-error, how close the worst TD-

errors are, what other states are similar inside its own experience replay buffer,

determined by the σ parameter and finally what experiences are available in the

other agents’ experience replay buffers. For this reason, during the later stages

of training as all agents fill up their experience replay buffers, and as agents get

more familiar with the environment, leading to TD-errors being closer together,

the amount of experiences exchanged increases by a large amount. It is expected

that agents learning under σ = 0.80 will exchange more experiences due to a

wider spread of errors. At the end of training, the same agents exchange less

experiences, which is caused by either of the 4 factors being less satisfied.

The proposed algorithm has to learn the reward function of the environment

designed in Subsection 5.4. This is done by training the different variations of the

algorithm for an environment with the same seed, which ensures repeatability.

How experience exchange impacts learning is shown in Figure 5.3. A compari-

son between MADDQN, FBDDQN as well as conventional reinforcement learn-

ing DCC-MAB algorithm is shown. The DCC-MAB algorithm uses a function

approximation method to learn about the environment, by assigning values to



106 Chapter 5. Distributed Cache Access in Fog Radio Access Networks

FIGURE 5.2: Number of batches sent over the network

different services to be allocated as well as users to be served. The goal of the al-

gorithm is to improve the cache hit-rate by using a two step method, so it is valu-

able for comparison. The proposed algorithm performs the best when it learns

from experiences that are more focused around the unfamiliar areas of the state

space, i.e. when σ = 0.95. When the experiences used for learning are spread

out over a larger deviation σ = 0.80 the performance degrades to 60% of the

best performance. It can also be seen that in this environment exchanging expe-

riences naively leads to a significant loss in performance, as MADDQN performs

the worst out of all tested algorithms. From the figure, a conclusion can be drawn

that out of all algorithms under test, FBDDQN with a narrow focus on the unfa-

miliar state space learns how to satisfy the reward function the best.

To provide a more practical look at the performance of the algorithms the

cache hit rate and number of users served are shown in Figures 5.4 and 5.5 re-

spectively. The sum of both statistics make up the reward function. However,

since cache hit rate can be significantly larger than the number of users in the

environment, the algorithms might prefer maximising cache hit rate instead of

the number of users. This is clearly visible in the performance of MADDQN al-

gorithm, which is outperforming FB-DDQN σ = .80 in terms of rewards, as can
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FIGURE 5.3: Reward comparison between FB-DDQN, MA-DDQN
and DCC-MAB algorithms

be seen from Figure 5.3. This is mostly due to its higher cache hit rate shown in

Figure 5.4. However, the latter algorithm outperforms the former by the number

of users served, as can be seen from Figure 5.5. The DCC-MAB algorithm outper-

forms both in both objectives at the end of training. However, it is equal in cache

hit rate performance to MADDQN algorithm between 500 and 2000 episodes. At

the end of training when all algorithms rely on the learned solution instead of

the exploratory actions, the proposed algorithm with a narrow spread of train-

ing experiences outperforms all algorithms under test. The approach manages to

serve as many users as the DCC-MAB algorithm and finds a solution for service

placement in the caches to maximise the cache hit rate. Other approaches have

to locate compromises, which is the case for DCC-MAB, as it has a high number

of users served, but does not have an equally high cache hit rate. On the worse

end of the spectrum, approaches can also fail to converge to a solution, such as

the MADDQN algorithm.
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FIGURE 5.4: Cache hit-
rate for algorithms un-

der test

FIGURE 5.5: Number
of users served by the

fog layer

5.6 Summary

In this chapter, an approach that aims to improve the performance of a multi

agent DDQN algorithm was proposed. The proposed solution selects states that

the agent considers to be the worst performers and makes requests for simi-

lar states from other agents in the network. The performance of this method

is demonstrated in a simulated F-RAN service orchestration environment. The

simulation considered a Zipf distribution for user service requests that the algo-

rithms had to learn to accurately predict which services should be cached in the

fog layer. Experimental results showed that focusing on a smaller range of unfa-

miliar states leads to significantly better outcomes, the rewards, which are a com-

bination of the cache hit rates and number of users served, were improved from

55 at the end of training to slightly above 100. The contributions of each metric

have been showcased. The algorithm with a broader focus on the states was pre-

dicting cache placements with 50% accuracy and had a stable number of around

4 users served. The algorithm focused on a smaller range of states has learned

how to accurately place the services and how to choose users to serve. Compared

to DCC-MAB, a RL algorithm that is developed specifically for this task, the pro-

posed algorithm receives better rewards at the end of training. Practical results

showed that this is due to the agent choosing to serve an equal number of users
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that the DCC-MAB algorithm chooses, but the cache placement strategy that the

proposed algorithm converges to is superior, as it leads to a 40% higher cache hit

rate.
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Chapter 6

Conclusions and Future Work

6.1 Introduction

In this chapter, the conclusions and key findings of previous chapters are sum-

marised. The key findings are discussed in relation to the research aims. Finally

the limitations of the current studies are presented and future avenues for re-

search are proposed.

6.2 Conclusions

The main motivation of the thesis was the evolving specification of the mobile

network infrastructure. While networks are perfectly capable of processing voice

and audio/video media, they will not be able to keep up with the bandwidth re-

quirements of virtual, augmented or mixed reality applications. Data consump-

tion is expected to increase from 146EB to 452EB by the end of 2028, although an

even larger increase is likely with more novel services. Primarily, a centralised

RAN was proposed to deal with the exponential increase in data and latency re-

quirements, however with virtualisation cloud RAN can be used. However, both

are limited by the fronthaul links that are used to communicate with radio units

in the field. If the core network is expected to provide both high speed signal pro-

cessing as well as support some of the computing for user applications, the fron-

thaul load is a significant issue. To tackle novel low-latency applications F-RAN
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is proposed, as it can provide low-latency radio signal processing and coopera-

tive radio resource management, as well as support services and cache data at the

edge, close to the user, while the core network can perform synchronisation and

high intensity tasks. F-RAN has many cooperating nodes and this raises a novel

challenge to tackle before this network architecture can show its full benefits.

With this motivation in mind the thesis looked at machine learning methods

that could be applied to support cloud RAN and F-RAN applications. In litera-

ture review it was established that supervised learning is limited by what it can

achieve, based on the base solution algorithm it samples from. Unsupervised

learning is promising, but the applications for mobile networks have been shown

to be of narrow scope, as one of the best applications is tracking anomalies of

when a network is under-performing to signal to experts that further analysis

may be needed. Reinforcement learning was chosen as the area of research that

could prove to be the most useful in F-RAN, as these algorithms can learn from

and adapt to the environment they are deployed in. With this learning paradigm

in mind, three chapters of the thesis focus on the applications of reinforcement

learning and they are summarised in the following paragraphs.

The thesis looked at the problem of latency management in RAN Xhaul net-

works. CoMP is proposed as a way for RUs to mitigate interference caused by

beamforming and improving the signal quality, which in return improves the

data throughput. To perform CoMP the network has to collect the necessary

channel information from multiple RUs to coordinate them. Channel informa-

tion is latency dependent, high latency leads to low channel accuracy, resulting

in reduced throughput of the network. The thesis proposes to solve the problem

in two ways – FlexE slot allocation and user offloading. By accurately allocating

FlexE slots, the network’s latency effects caused by serialising and buffering de-

lays can be reduced. By performing user offloading between RU groups, traffic

on heavily congested network paths can be alleviated.

DRL was used to predict traffic with the objective to perform slot allocation
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for FlexE links in the centralised RAN Xhaul. In simulation results it was seen

that DRL outperformed statistics based ARIMA method with 11.6% less over-

allocations. The data was consistent in under-allocations as well, as the DRL

method performed 25% less under-allocations. It was also shown that when de-

ployed simultaneously with another DRL algorithm latency effects have been

avoided by controlling which RU groups handled which users when RU groups

were affected by varying loads. Specifically, when considering the same back-

ground traffic, the offloading agent learned a policy which helped it determine

the correct RU-group allocations to improve the data rate by 7.3%.

As the network requirements evolve, so does the network architecture. F-

RAN has been proposed as an evolution of C-RAN architecture, which reduces

the latency and improves fronthaul link efficiency by replacing RRHs with net-

work components capable of caching and processing, called FAPs. In this archi-

tecture time-sensitive operations, such as CRRM and cell-free MIMO processing

are performed at the network edge, while the cloud layer is kept for resource-

intensive tasks. With caching and processing pushed to the edge, transmission of

channel information to the cloud via fronthaul links is reduced. Evidently, con-

tent and network can be coordinated at the fog network access layer, improving

channel accuracy and lowering latency. However, due to the mixed distribution

and centralisation, F-RAN evolution faces unique challenges for implementation.

The thesis aims to solve the problem of user association to FAPs to satisfy

users’ content requirements. F-RAN is studied as a POMDP environment due to

latency constraints which would lead to a lack of global state information being

available to the agents. The networks collected information such as the number

of hops to acquire content requested by the user, the index of UE being consid-

ered, the channel strength between the UE and FAP, the expected data rate for

the user and the predicted delay. Since the environment is partially observable,

the states and outcomes perceived by the agents are stochastic. The common

method for handling partially observable data is to introduce memory into the
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agents. Instead the thesis proposed a novel MA-DDQN algorithm, which uses

experience exchange to increase the amount of knowledge agents collect every

training step. The proposed method performs better than greedy algorithms by

achieving 50% better rewards. The performance is better than the conventional

DDQN algorithm as well, by both serving a 25%− 50% larger number of users

and improving the stability of learning as much as three times under unstable

learning conditions.

Since FAPs are capable of executing services to reduce network latency for

applications or web-requests, the thesis looked into a joint optimisation of cache

content delivery and cache content management problem. This problem can be

formulated as a CFLP, which is NP-hard. The thesis identified a few shortcom-

ings in previous literature, such as not considering the memory or processing

being utilized during run-time, which could lead to FAPs being unable to pro-

cess requests from users. In addition to this, reinforcement learning research did

not consider the state of adjacent edge nodes prior to off-loading users for service,

which could also result in reduced quality of service. It was acknowledged that

cache optimisation involves performance metrics such as power consumption,

fronthaul load and total data delivery rate, which makes it a high dimensionality

problem. It can be difficult for low-complexity algorithms to solve the problems

through generalisation.

To solve the joint optimisation problem, a focused batch DDQN (FB-DDQN)

algorithm is proposed. The solution used TD-error as a statistic to determine

which states the agent is the least familiar with and focuses on learning about

similar states. Users in the simulated environment made requests based on a Zipf

distribution that algorithms had to learn, which would help them make accurate

decisions. The proposed algorithm was shown to outperform an already known

RL solution for this problem, DCC-MAB. At the end of training, the proposed

algorithm reached a solution that was approximately 30% better. It has also been

shown that the parameter responsible for choosing the states to learn about and
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from can significantly impact the performance of FB-DDQN, focusing on a larger

number of states reduced the performance by as much as 50%.

6.3 Future Work

In chapter 3 the thesis introduces DRL as a possible solution to mitigate latency

effects by incorporating DRL as a decision maker for FlexE slot allocation and

user off-loading. The thesis showed that network performance improves as the

agents learn about the environment, however the environment could be refor-

mulated as a POMDP for FlexE agents. By assuming that other agents’ decisions

impact the decision of a single FlexE agent, it would introduce additional com-

plexity into the environment. Research of using memory-based RL algorithms

has a high chance of improving the network performance further. Recurrent neu-

ral networks (RNNs) have previously been used for solving POMDPs. This is

due to the fact that RNNs consider both the current state and action as well as the

historical data.

Due to the software and compute limitations it was difficult to scale the model,

especially the number of UEs or RUs and certain limitations led to some artifacts

being introduced into simulations. By abstracting the model it would be possible

to extract more accurate results for the off-loading controller agent. In addition

to this, it would make the research more easy to scale. It is known that the num-

ber of RUs can easily change in a C-RAN solution, as more RUs are installed

by the network provider or activated by the BB pool. Further research into how

deep learning agents can support decision making for a scaling number of RUs

by using a more scaleable DRL method, such as policy gradient could produce

significant results.

In the following chapter, the thesis introduces the F-RAN environment as a

POMDP and uses MA-DDQN to solve the problem of user association with FAPs.

The chapter considers that the network is capable of making decisions based on
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user requests. While that theory still holds, a more traditional approach is to look

at user-centric approaches for such decisions. Indeed, UEs are capable of process-

ing deep learning algorithms. Equally, from the UEs’ perspective the problem is

a POMDP, a single UE is not aware of the decisions made by the nearby UEs.

In F-RAN, due to the capabilities present in the FAP protocol stack, UEs could

also switch modes into supporting the network. Future work could consider this

mode selection by UEs to support traffic or content requirements. Due to the

POMDP criteria, an algorithm could consider a belief vector to approximate the

state of the network and possible best solution.

In the same chapter, the method uses a uniform probability distribution to

sample all experiences that an agent receives. It can be argued that this is not the

most efficient way of handling experiences received from other agents. A proba-

bility distribution function that creates an optimal strategy for sampling experi-

ences in such environments could be developed. To study the impact of such a

strategy, the environment should be repeatable and could take into consideration

that some agents are in an environment that is different to the requesting agents’.

In a real world environment it would be more likely, than the idealised model

used in the research so far.

Chapter 4 also looks at the impact of network update frequency and compares

two different scenarios, acknowledging that a lower frequency in target network

updates produces better results. However, a lower frequency in target network

updates also requires more simulation run time to get a good view of training

results. Due to time constraints for experimentation, the impact understanding is

limited. In future work, this could be addressed, producing optimisation curves

for the number of time steps required to train versus the target network update

frequency. This would aid in solving the fundamental problem of optimising

simulations and experiments for DRL.

The thesis explored using experience exchange to improve the performance

of DRL algorithms, however it did not find an efficient way of optimising the
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number of experiences being exchanged. Due to a large amount of information

needed to be transferred over the network, significant overheads can be intro-

duced with a large number of agents communicating, as shown in chapter 5. The

thesis already established that mobile network applications require low latency

to enforce decisions being made with accurate information, as such reducing the

overhead from DRL requirements would benefit the network. A question of how

to do this still stands. There are multiple criteria that make this a complex prob-

lem. One criteria in particular is that as agents spend more time learning, they

are more familiar with possible states, increasing the sample size for future re-

quests. Improving the algorithm for sample selection on both the requester and

the server sides could improve the data overhead problem that chapter 5 intro-

duces.

The thesis explores state spaces that are continuous, one user at a time. There

are many ways to encode normalised state information into a single bitmap im-

age that could then be processed by a convolutional neural network to make de-

cisions for multiple users at once. This would simultaneously improve the pro-

cessing capabilities of the algorithms, reduce the computational complexity, and

produce solutions that could be easily scalable for any number of users. In ad-

dition to this, convolutional neural networks are better at processing continuous

data compared to fully connected neural networks. Future work could address

this problem. Both encoding the feature data into a bitmap file and processing of

such data to study how scalable such solutions could be.
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