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Abstract

Fifth Generation (5G) introduces technologies that expedite the adoption of mobile

networks, such as densely connected devices, ultra-fast data rate, low latency and more.

With those visions in 5G and 6G in the next step, the need for a higher transmission

rate and lower latency is more demanding, possibly breaking Moore’s law. With Artifi-

cial Intelligence (AI) techniques becoming mature in the past decade, optimizing resource

allocation in the network has become a highly demanding problem for Mobile Network

Operators (MNOs) to provide better Quality of Service (QoS) with less cost.

This thesis proposes a Reinforcement Learning (RL) solution on bandwidth allocation

for network slicing integration in disaggregated Open Radio Access Network (O-RAN)

architecture. O-RAN redefines traditional Radio Access Network (RAN) elements into

smaller components with detailed functional specifications. The concept of open mod-

ularization leads to greater potential for managing resources of different network slices.

In 5G mobile networks, there are three major types of network slices, Enhanced Mobile

Broadband (eMBB), Ultra-Reliable Low Latency Communications (URLLC), and Massive

Machine Type Communications (mMTC). Each network slice has different features in the

5G network; therefore, the resources can be relocated depending on different needs. The

virtualization of O-RAN divides the RAN into smaller function groups. This helps the

network slices to divide the shared resources further down.

Compared to traditional sequential signal processing, allocating dedicated resources for

each network slice can improve the performance individually. In addition, shared resources

can be customized statically based on the feature requirement of each slice. To further en-

hance the bandwidth utilization on the disaggregated O-RAN, a RL algorithm is proposed

in this thesis on midhaul bandwidth allocation shared between Centralized Unit (CU) and
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Distributed Unit (DU).

A Python-based simulator has been implemented considering several types of mobile

User Equipment (UE)s for this thesis. The simulator is later integrated with the pro-

posed Q-learning model. The RL model finds the optimization on bandwidth allocation in

midhaul between Edge Open Cloud (O-Cloud)s (DUs) and Regional O-Cloud (CU). The

results show up to 50% improvement in the throughput of the targeted slice, fairness to

other slices, and overall bandwidth utilization on the O-Clouds. In addition, the UE QoS

has a significant improvement in terms of transmission time.
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Chapter 1

Introduction

1.1 Motivation

Fifth Generation (5G) mobile network has been publicly announced by the 3rd Generation

Partnership Project (3GPP) Release 15 [18] since late 2017. Various specifications char-

acterize a new era for the mobile network. Latest technologies are introduced to improve

the Quality of Service (QoS) and Quality of Experience (QoE) by applying the concept

of Internet of Things (IoT) everywhere in our daily life. The 5G Phase II was published

later in Release 16[19]. This release provides much more detail and extensions to build an

advanced foundation for 5G network, such as 5G New Radio (NR) and network slicing.

The forecast of global Compound Annual Growth Rate (CAGR) in mobile devices is 8%

and 30% on mobile speed in 5G from 2018 to 2023 [20].

5G NR gives an initial definition of disaggregated Radio Access Network (RAN) ar-

chitecture. The Open Radio Access Network (O-RAN) Alliance [21] refines the NR with

more openness and intelligent solution. Network slicing has been considered in 5G O-RAN
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as the important key to improving the QoS by rethinking the resource allocation for each

network slice based on its traffic feature.

In order to tackle the network issues of optimization problems that appear in massive,

complex data flows, Artificial Intelligence (AI) plays an important role. Especially, the

network can now be sliced by different QoS and QoE requirements. The analysis on

optimizing resource allocation includes and is not limited to available bandwidth, CPU

and power usage ranging from a global view of the network down to a functional unit in a

single RAN. With consideration of many new factors, AI becomes a mandatory component

as part of the 5G network. [22, 23]. Different Machine Learning (ML) techniques, such

as (un)supervised learning, Deep Learning (DL), and Reinforcement Learning (RL), have

been applied in different areas of practice based on different needs and demonstrate effective

outcomes.

Therefore, this thesis aims to integrate a RL solution to optimize resource allocation

on 5G O-RAN based on existing knowledge of functional split and network slicing.

1.2 Thesis Contribution

In this thesis, a Python-based Edge Open Cloud (O-Cloud) Network simulator is devel-

oped. The simulator includes multiple O-clouds to form a disaggregated network and user

equipments moving at several speeds. A RL Q-learning model is proposed and integrated

into the Python-based simulator. The main contribution of the thesis is to optimize the

shared bandwidth in the edge disaggregated O-RAN. The proposed RL solution can al-

locate bandwidth dynamically for different network slices based on the incoming traffic

situations. In addition, the QoS and QoE of end users on targeted network slice(s) are

2



benefited as a result. The research [24] was submitted and accepted by IEEE Consumer

Communications and Networking Conference (CCNC2023) on September 2022 and pre-

sented on Jan 2023.

[C01] N. F. Cheng, T. Pamuklu, and M. Erol-Kantarci, “Reinforcement

Learning Based Resource Allocation for Network Slices in O-RAN Midhaul,” in

2023 IEEE 20th Consumer Communications Networking Conference (CCNC),

2023, pp. 140–145. [Online]. Available: https://arxiv.org/abs/2211.07466

1.3 Organization of Thesis

After showing motivations and the contribution of the research to the dedicated areas in 5G

and O-RAN with RL, Chapter 2 introduces the background knowledge of the related fields,

such as RAN and AI. Those pieces of knowledge are widely used or discussed in different

aspects in the later chapters. Chapter 3 covers the detail of prior works done by other

researchers. Some research provided the inspiration or foundation for our work, and others

offered different perspectives. The implementation of the methodology, from topology to

algorithm, is explained in Chapter 4. Chapter 5 demonstrates a massive amount of results

and analysis. Chapter 6 concludes the research and describes the future direction of the

presented work.

3
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Chapter 2

Background

This chapter presents general descriptions of relevant 5G technologies from 5G NR, network

slicing, O-RAN, and functional split. Integration of those exciting telecommunication

technologies is proposed to improve resource allocation on 5G Edge O-Cloud and ultimately

provide better QoS for User Equipment (UE). Besides the communication protocols, ML

techniques are also introduced in the chapter. Those ML algorithms show powerful learning

ability on massive data transactions. RL is used as the main part of our proposed solution.

2.1 5G New Radio

3GPP has released standards in technical specifications and announced them publicly for

every mobile generation since 1998. Early on, it provided guidelines for those well-known

telecom vendors to follow globally. Nowadays, it has become an essential key for software

and hardware integration between different parties, from academic researchers and private

sectors to global companies. Anyone can contribute to different components in the mobile

4



network and later compose together in the field.

5G NR specification was released by 3GPP on 38 series [25] in the end of 2017. This

specification has defined the new era of Radio Access Technology (RAT), including and

not limited to the following technologies, the extension of IoT, network slicing, Internet of

Vehicles (IoV) and more [26].

2.1.1 Network Slicing

Based on different requirements from end users various needs, three characteristics of net-

work slices are targeted in the 5G mobile network [1] shown in Fig 2.1. Each network

slice is targeted on a specific aspect of QoS and QoE and evaluated by different key per-

formance indicators (KPIs). Three 5G network slices are Enhanced Mobile Broadband

(eMBB), Ultra-Reliable Low Latency Communications (URLLC), and Massive Machine

Type Communications (mMTC) [27]. They are the three main generic services supported

by 5G wireless technology [27].

Figure 2.1: 5G services [1]
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• Enhanced Mobile Broadband (eMBB) aims to achieve a 20 Gigabit per sec-

ond [28] peak throughput rate, especially on Millimeter Wave (mmW) enabled fre-

quency. The slice demands a high data rate from the recent data-driven 5G network,

bringing better and faster user experiences than ever. The high data rate benefits

various applications, such as Augmented Reality (AR), Virtual Reality (VR) or video

conferencing services.

• Ultra-Reliable Low Latency Communications (URLLC) demand low latency

and high reliability. The application of this service focuses on a real-time mission-

critical area, such as autonomous driving and Vehicle to Everything (V2X) [29].

• Massive Machine Type Communications (mMTC) provide minimal guarantee

connectivity to the high density of devices within the network range to achieve the

goal of IoT.

2.2 Open Radio Access Network (O-RAN)

Figure 2.2: RAN Transformation [2]

The evolution of RAN has gone through the following steps shown in Fig. 2.2. In the

traditional wireless network, RANs are mostly distributed and named Distributed Radio

6



Access Network (D-RAN). The centralized model emerged when cloud technology was

recently introduced as Centralized Radio Access Network or Cloud Radio Access Network

(C-RAN) [30]. Shortly, Virtualized Radio Access Network (vRAN) [31] becomes practical

after the virtualization of the hypervisor is mature enough to build the end-to-end network

in Network function virtualization (NFV). Soon after, O-RAN combines the cloud concept

with virtualization and shares the specifications publicly for open access.

Figure 2.3: O-RAN Alliance Reference Architecture [3]

O-RAN specifications are defined and updated mainly by O-RAN Alliance [21]. The

alliance was founded in 2018 by many well-known telecom giants. The implementation

7



Figure 2.4: O-RAN vs F-RAN [4]

of O-RAN is based on top of 3GPP NR specifications [32]. Those specifications focus on

openness and virtualization in 5G intelligent RAN [33].

The openness of O-RAN enables different parties, from academia and industry, to

inter-operate their products in the fields together by following those guidelines and stan-

dards [34]. The Virtual Network Function (VNF) is highlighted as part of O-RAN imple-

mentation. Diverse functional roles are defined in detail by modularizing RAN functions

into smaller software-defined components. Micro-managing these logical units becomes

challenging and opens the door for AI. O-RAN specifies a functional role for this AI-

enabled controller named RAN Intelligent Controller (RIC)1 shown in Fig 2.3.

Besides O-RAN, Fog Radio Access Network (F-RAN), a parallel branch in RAN evo-

lution, was introduced around the same time. By combining edge cloud computing and

fog computing [35], Fog Radio Access Network (F-RAN) is a similar concept compared to

O-RAN. Cisco has been one of the members funding the OpenFog [36] since 2016. Fig. 2.4

1RAN Intelligent Controller will be mentioned in more detail in Section 2.2.2.
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explains the difference between the O-RAN and F-RAN. O-RAN focuses more on the ac-

cess side toward end devices. F-RAN has a larger scale on the number of edge networks

and plays as the gatekeeper before entering the core network.

2.2.1 Functional Split

Figure 2.5: Options of Function Split in O-RAN [5]

The Baseband Unit (BBU) in Forth Generation (4G) has been divided into Centralized

Unit (CU) and Distributed Unit (DU), along with Radio Unit (RU). With eight split

options defined in 5G NR specification [32] shown in Fig 2.5, the modular concept provides

placement freedom between CU, DU and RU shown in Fig 2.6. Bonati et al. [37] provides

well-defined splitting concepts. With a detailed definition provided by O-RAN based on 5G

drafts, new varieties of interfaces are introduced to connect between different stages within

the disaggregated O-RAN in Fig 2.3, 2.5. An interface connecting two stages of units can

operate on its own data rate and latency [37]. The fronthaul interface links between the

RU and DU. O-RAN defines the interface between DU and CU and calls it midhaul or F1.

The backhaul interface handles the traffic between CU and the core network in Fig 2.5.

The virtualized software-defined units in O-RAN create more freedom and combination

on where to place those functional units. With the open concept in O-RAN, those logic

units, CU and DU are associated as Open Centralized Unit (O-CU) and Open Distributed
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Figure 2.6: Placement of Function Splits in O-RAN [6]

Unit (O-DU). With eight major split options [38], the DU can move from the antenna

station of RU to the centralized base station with CU. There are studies [38] debating the

pros and cons between the decentralized and centralized models. The group placement or

location of logical units is entirely based on the cost of Operational Expenditure (OpEx)

and Capital Expenditure (CapEx) and hardware resources planned by Mobile Network

Operator (MNO) network deployment.

2.2.2 RAN Intelligent Controller (RIC)

RIC is one of the most critical components specified in the O-RAN architecture. It manages

and controls the signals coming into the BBU. Because it takes signals directly from both

DU and CU shown in Fig. 2.7, the RIC is divided into near-Real Time (RT) and non-RT

in order to control different types of requests based on their timing requirement.

• Near-RT RIC faces directly to both DU and CU independently by the E2 interface
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Figure 2.7: RAN Intelligent Controller Architecture [7]

shown in Fig 2.7. It aims to complete the low latency actions required by less than

one second to ten milliseconds on its xApps.

• Non-RT RIC locates in the centralized Service Management and Orchestration

(SMO). The control action can take more than one second to process. The AI models

run on this layer as rApps to analyze the data and to give policy or guidance to the

Near-RT RIC.

11



2.3 Machine Learning

Artificial Intelligence (AI) is a broad concept where humans can apply intelligence to

machines with different methods and techniques. Within this decade, Machine Learning

(ML) has become popular since the internet speed has increased exponentially, and memory

storage is growing by following Moore’s Law [39]. Storing, processing, and analyzing Big

Data [40] become possible even in the mobile network. At the same time, the abilities

of both hardware and software are evolving faster than ever from 3G to 5G in less than

ten years. DL, RL and the combined version, Deep Reinforcement Learning (DRL), are

famous families in ML to solve problems from different angles or complexity requirements

(Fig 2.8).

2.3.1 Deep Learning

Deep Learning (DL) is known for process learning on multiple layers, Artificial Neural

Network (ANN), to mimic the neural network [41]. The high-level features are extracted

automatically after layers of learning in the neural network. The self-teaching process

on historical data can be later used for recognition or prediction. Some famous neural

networks are Convolutional Neural Network (CNN), Recurrent Neural Network (RNN),

and Generative Adversarial Networks (GAN). CNN is commonly applied in state-of-art

computer vision [42]. RNN is widely used in Natural Language Processing (NLP) [43].

Long Short Term Memory Networks (LSTM)[44] is a famous time-memory variant in RNN

family. The algorithm is known for solving problems with feedback as input to remember

the time-relevant behaviour(s). However, due to its complexity, LSTM requires heavy

computational resources so the execution time is one of the longest in ML.
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Figure 2.8: Relationship within AI [8]

2.3.2 Reinforcement Learning

Reinforcement Learning (RL) focuses on the decision-making and the consequence to the

system shown in Fig 2.9. Those observations or environment changes will be recorded as

part of the next state [45]. The model-free RL family branches out into policy-iteration

and value-iteration methods. Proximal Policy Optimization (PPO) [46] and Asynchronous

Advantage Actor-Critic (A3C) [47] are policy-oriented. Q-learning is the typical value-

based RL algorithm.
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Figure 2.9: Interactions in Markov Decision Process [9]

2.3.3 Markov Decision Process

The RL environment usually follows the Markov Decision Process (MDP) shown in Fig 2.9.

The agent or the so-called controller learns from the environment or the system and later

makes the decisions to influence the environment [9]. Repeatedly, the agent takes an action,

and the environment reacts and feeds back with a new state. Over time, the agent will be

able to learn some patterns from the history series; later, those past experiences can be

applied to maximize the outcome or rewards. The loop of this process has been defined

mathematically in a 4-tuple (S,A, Pa, Ra)

• State space (S): a set of states.

• Action space (A): a set of actions.

• Probability (Pa): the probability of transition (at time t) from state S to next state

St+1 under action a (2.1).
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• Reward (Ra): receives immediate after transitioning from state s to state st+1, due

to action a.

The state-transition probability Pa represents the dynamics of a finite Markov Decision

Process (MDP) in eq.(2.1). The probability is computed from the given state and action,

followed by the preceding state and rewards at a particular time.

Pa(st+1 | s) = Pr(st+1 | st = s, at = a) (2.1)

The expected reward at time t from the state-and-action pair at t−1 can be represented

in eq.(2.2).

r(s, a) = E [Rt|st−1 = s, at−1 = a] (2.2)

Since the rewards can be predicted by the action and state pairs eq.(2.1), maximizing

the cumulative reward G undoubtedly becomes the agent objective in the MDP. This

goal can be achieved by finding and taking the right action. In order to receive a finite

maximized cumulative reward, discount factor γ is introduced, where 0 ≤ γ ≤ 1. Therefore,

the cumulative reward G can be represented in eq.(2.3).

Gt =
∞∑
t=0

γtRa (2.3)

As mentioned above, optimization can be done in two directions, value or policy based.

The optimal policy π is defined mathematically as the expected return that is always better

or equal to π′ on all states. The action value function from the policy π on state s and

action a can be represented by qπ(s). The optimal action-value function looks for the
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possible maximized Q-value from a policy π in eq.(2.5). The Bellman optimality equation

can further transform the Q-value function into eq.(2.6).

q(s, a) = max
π

qπ(s, a) (2.4)

= Eπ[Rt+1 + γGt+1|st = s, at = a] (2.5)

= E[Rt+1 + γ max
a′

q(st+1, a
′)|st = s, at = a] (2.6)

2.3.4 Q-Learning

Q-learning is one of the popular RL algorithms and is known for being off-policy and

model-free. It finds the optimized cumulative reward without the environment’s transition

function or the agent’s policy. Instead, Q-learning stores past experiences in the lookup

table. The so-called Q-table requires a good amount of memory. In other words, it takes

random actions and stores the calculated Q-value based on new states and rewards in the

exploring phase.

Q-value Function

Q-learning is a Temporal-Difference (TD) learning [9] and focuses on optimizing the action-

value function, Q. The equation (2.7) considers the concepts of the learning rate α and the

discount factor γ. With those minimal requirements, Q-value is able to converge with the

ϵ-greedy-policy overtime.

Q(st, at)← (1− α)Q(st, at) + α

[
rt+1 + γ max

A
Q(st+1, A)

]
(2.7)
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Algorithm 1 Q-learning

1: Initialization: Q(s, a)

2: Creating Q-table with all zeros Q(s, a) = 0

3: For Each episode do

4: Initialize State S

5: For Each step do

6: Randomly pick an action A or Choose A from Q-table by ϵ-greedy

7: Observe reward R, next state S ′

8: Q(S,A)← (1− α)Q(S,A) + α

[
R + γ max

A
Q(S ′, A)

]
9: S ← S ′

10: end for

11: end for

Therefore, the sequence of Q-learning can be described by initialling the Q-values (usu-

ally starting with all 0 for all state S and action A). From the initial state S, pick an

action A with ϵ-greedy policy. Next, observe changes in the environment by computing

the expected reward R and next state S. Later, update the new Q-value in eq.(2.7) into

the Q-table shown in Algorithm 1 and Fig 2.10.

Q-Table

As previously mentioned, the Q-table is a lookup table that records each state-action

pair. In the table, each row represents a state s, and each column is a possible action

defined in action set A shown on the left bottom of Fig 2.10. Managing the Q-table’s

size is a design challenge due to the limitation of the memory resource in the computing

hardware. In other words, the size of the Q-table faces a deployment challenge on a

resource-limited network. Therefore, the state space S and action space A will need to be

carefully evaluated. However, the Q-learning is still limited to high-dimensional spaces [48].
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Figure 2.10: Operations of Q-learning [10]

2.3.5 Deep Reinforcement Learning

Last but not least, DRL is an extension of RL and DL by combining two learning techniques

into the algorithm. Adding the DL technique into the RL significantly improves learning

the high-dimensional spaces problem. There are well-known algorithms such as Deep Q-

learning (DQN) and Soft Actor Critic (SAC). DQN [49, 50] is the deep extension of the

Q-learning. SAC [51] is the hybrid of Q-learning and policy gradients.
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Chapter 3

Literature Review

5G mobile network has allowed enormous amounts of data to stream around the network.

Massive data flows are collected and analyzed during transmission. In order to optimize

complex 5G networks, new data-driven applications are investing from theorems into fields

quickly.

3.1 Overview

This chapter reviews the state-of-art 5G NR studies on resource allocation solutions, fo-

cusing on the AI-enabled edge network. The section 3.2 focuses on different approaches on

Resource Block (RB) allocation of Orthogonal Frequency-Division Multiplexing (OFDM)

in 4G and 5G mobile networks. These studies also reveal the trends in the AI-enabled

5G wireless network identified by Elsayed et al. [10]. The following section 3.3 shifts the

focus into the disaggregation in the 5G RAN architecture, especially on C-RAN and then

O-RAN. More angles and aspects of resource allocation can be explored by applying the
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functional split concept with open-source logical units proposed by the O-RAN alliance.

The booming research on the various ML techniques helps understand the relations or the

policies in the 5G networks. Proposed models are now considering more than traffic-related

KPIs and also OpEx for MNOs.

Figure 3.1: Research Areas on the AI-Enabled wireless network [10]

Elsayed et al. [10] have envisioned that the ML, especially RL, could leverage the 5G

and Sixth Generation (6G) wireless network. The authors have identified the applicable

areas in Fig. 3.1 for using AI techniques to solve the open issues. Resource allocation is

one of the main topics in AI-enabled wireless networks. The paper [10] includes but is

not limited to the following sub-topics, such as mobile broadband, Device to Device (D2D)

communications and tactile internet, unmanned aerial vehicle-assisted Networks, spectrum

access in unlicensed bands, energy-efficiency techniques in Fig. 3.1.
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3.2 Scheduling Approach

The resource allocation in edge 5G wireless network was initially more focused on the

scheduling of RB in OFDM.

3.2.1 Static Approach

Figure 3.2: RB Allocation Schemes [11]

Nojima et al. [11] propose three different algorithms to guarantee resource allocation

of frequency shown in Fig.3.2. Static allocation, allocation to ordered slices, and impartial

allocation to slices are the three proposed algorithms. All three algorithms are based on

ordinary packet scheduling by limiting maximum allocated RB to each slice with addi-

tional criteria. The proposed algorithms result in a high resource utilization environment

compared with conventional scheduling.

3.2.2 AI Approach

Elsayed et al. [52] propose a Latency-Reliability-Throughput Q-learning algorithm to bet-

ter resolve the resource allocation problem on the 5G NR network. The work focuses
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on eMBB and URLLC network slices on OFDM RB allocation. The results prove that

the advanced multi-agent Q-learning model can perform better than the Priority-based

Proportional Fairness model and Latency-Reliability Q-learning model by demonstrating

increasing eMBB throughput and degrading URLLC latency.

Figure 3.3: Network slicing based two-step resource allocation [12]

Zhou et al. [12] propose a Correlated Q-learning model, COQRA, on allocating inter-

slice RB for eMBB and URLLC network slices shown in Fig. 3.3. The result is compared

with the above baselines [52]. The performance of COQRA surpasses all KPIs, such as

latency, throughput, packet loss, and convergence time, by considering network slicing.

3.3 Disaggregated Approach

After 3GPP introduces the functional-split concept, O-RAN has a practical virtualiza-

tion solution combining those logical functional units. The resource allocation can be

approached from a new perspective by shifting bandwidth allocation from fronthaul and

RB on OFDM into other areas. The new areas include different energy sources, deployment

options, midhaul interfaces, etc.
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3.3.1 Static Approach

Figure 3.4: Functional splits and isolation levels [13]

Figure 3.5: Layers in RAN architectures [13]

Yu et al. [13] explain well possible 3-layer functional split combinations in Fig. 3.4 on

Wavelength Division Multiplexing (WDM) metro-aggregation networks with an extensive

amount of results. The authors propose a RAN slice-aware heuristic algorithm. The results

show that the higher slice isolation leads to higher resource cost, meaning more Virtual

Machine (VM)s are spawned. The 3-layer RAN architecture is promoted in the research by
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comparing it against the 2-layer architecture shown in Fig. 3.5. Their results show that the

modern 3-layer architecture outperforms resource consolidation by the flexibility of logical

unit placement.

3.3.2 Dynamic Approach

Figure 3.6: Energy Model in Green Hybrid C-RAN [14]

By taking green energy into consideration of C-RAN architecture in Fig. 3.6, Pamuklu

et al. [14] provide two solutions for different scales of C-RAN, a Mixed-Integer Linear

Programming (MILP) and a heuristic approach. The MILP solver aims to reduce OpEx and

performs well on a small-scale RAN. The heuristic method makes the BBU functional split

decision by also considering renewable energy. On a large-scale hybrid C-RAN, their fast

online heuristic method can provide a more cost-effective solution for MNO in encouraging

the usage of green energy.

Focusing on MILP solver, Pamuklu et al. [15] propose a novel model, Green Radio OVer

Ethernet (GROVE), to solve the cost and energy problem in the C-RAN architecture.
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Figure 3.7: Green Radio OVer Ethernet system architecture [15]

GROVE considers the dynamic functional split on CU-DU, radio over Ethernet, and green

energy sources to minimize the OpEx shown in Fig. 3.7. With known constrain on the

scale of RAN by NP-Hard problem They explore model performance on different numbers

of DUs. As the result shows, GROVE can outperform not only static routing but also

traffic-aware models in optimizing the usage of profitable renewable energy.

3.3.3 AI Approach

In [53], Sun et al. propose a DQN learning-based algorithm to solve the bandwidth resource

allocation on C-RAN. In their simulation environment, they considered a single CU-DU

fronthaul-II connection based on three network slices, eMBB, URLLC, and mMTC, by

sending static packet size. The results are compared to two baselines, round-robin and

non-slicing allocation. The overall performance is better than baselines on QoS, packet

loss, and bandwidth utilization.

Joda et al. [16] use DQN to find the cost optimization of CU-DU placement in O-RAN

deployment shown in Fig. 3.8. The proposed algorithm also considers and improves the
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Figure 3.8: Joint User Association and CU-DU Placement in O-RAN [16]

UE delay. The authors show that the proposed model has outperformed the fixed CU-DU

baselines on the edge and regional O-Clouds by reducing costs and delays.

Pamuklu et al. [54] propose a RL model on dynamic functional splitting O-RAN ar-

chitecture by considering green energy. The authors promise the RL model can better

manage renewable energy sources and operational costs. The model is carefully evalu-

ated by real solar irradiation and traffic data set. Two RL algorithms, Q-learning and

State–action–reward–state–action (SARSA) are implemented and compared against D-

RAN and C-RAN as baselines. The result shows that the proposed model is a good

cost-efficient solution for MNO. In addition, the research discusses the different scales of

renewable energy sources used in the environment, such as the size of solar panels and

batteries.

26



Chapter 4

System Model and Methodology

4.1 Problem definition

Research on the integration of functional split in O-RAN and network slices has opened

a new door to optimize the network resources and provide better QoS to end users. This

thesis aims to tackle the optimization of bandwidth allocation in the O-RAN cloud network

by considering the main requirement differences between 5G network slices, eMBB and

URLLC and regular voice slices.

Figure 4.1: Functional split in O-RAN Cloud [17]
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Prior works on resource optimization of bandwidth sharing [53, 13, 55] are based on

single Edge O-Cloud (Single DU-CU) but without UE mobility. However, the 5G RU

coverage is known for significantly less than the 4G mobile network. The 5G cell tower

coverage is reduced to less than 300 meters for the Millimeter Wave (mmW) spectrum [56],

which is the key to providing ultra-fast connections promised by 5G. In order to provide

a near-realistic optimization on 5G O-RAN, we propose a RL solution considering UE

mobility in multiple Edge O-Clouds with a single Regional O-Cloud topology [24]. We

believe implanting the RL algorithms on non-RT controllers can improve the midhaul

bandwidth optimization shared by different network slices.

Figure 4.2: Single CU Multi DU Setup Topology.

4.2 System Model

The edge network simulator is composed of the following components, UEs, Edge O-Clouds,

and a Regional O-Cloud (Fig 4.1). The functional split is implemented by placing one DU

in each Edge O-Cloud with one cell site of one RU, where CU stays in the Regional O-
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Cloud.

This research aims to improve the bandwidth allocation in a multi-cloud scenario.

Therefore, the UE movement can be considered with more realistic moving speeds and

ranges based on 5G specification[1]. The single Regional Cloud (single CU) and multi

Edge Clouds (multi DUs) are designed to form a honeycomb, as illustrated in Fig 4.2, with

the Regional Cloud placed in the center.

4.3 Proposed Solution

4.3.1 Q-Learning

In order to prove that RL can be the solution to the defined problem, Q-learning is selected

as the starting point of the RL strategy because of its model-free and off-policy concept.

The model can find the optimal action to take by looking up the Q-table for a maximized

Q-value from the finite MDP. The states of UEs and DUs can be easily translated into the

state space of the shared Q-table. Table 4.1 defines the notations of repeatedly referring

across the entire thesis, including UE i, DU j, and more.

Table 4.1: Space Notations

Sets Size Description

i ∈ I I UEs

j ∈ J J Edge O-Clouds (DUs)

a ∈ A A bandwidth change range

k ∈ K K bandwidth slices

t ∈ T T time slots

v ∈ V V UE moving rate
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Action

The action atj,k per second in our Q-learning model represents the changes of bandwidth

∆bj,k for the network slice k at time t on DU j in Eq. (4.1). The sum of bandwidth changes

from all network slices has to be zero as Eq. (4.2). It is required for the action space because

the bandwidth is fixed on one physical midhaul interface and shared by all network slices.

This condition furthermore helps to manage the size of the Q-table by providing the chance

for order reduction into K − 1 slices. We limit the difference within a specific range A

to manage the number of columns further in the Q-table. In other words, the controller

takes a small step action a by adding or removing a limited percentage of bandwidth from

a network slice k defined in Table 4.2. This technique could also prevent the Q-table from

having massive unvisited state-action pairs. The range of action decides the learning curve

of the model. When the model changes less than ten percent, it will take a long time

to converge. Else, when the model uses more aggressive changes, the bandwidth will all

be assigned to the target slice too fast and does not learn other possibilities. Therefore,

changing bandwidth by plus or minus ten percent per action helps explore possibilities and

keeps the Q-table in a reasonable size.

A(t) = {{atj,k ∈ A|j ∈ J , k ∈ K−} (4.1)

K∑
k=0

atj,k = 0, ∀j ∈ J , ∀t ∈ T (4.2)
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Table 4.2: Range Notations

Variables Domain Description

ut
j,k K number of UEs use slice k in DU j

btj,k [0, 100]% allocated bandwidth for slice k of DU j

atj,k [−10, 10]% allocated bandwidth percentage change for

slice k of DU j

State

Sj(t) = {{b(t−1)
j,k |k ∈ K}, {u

(t−1)
j,k |k ∈ K}} (4.3)

The state Sj of each Edge O-Cloud j is composed of two tuples in our proposed scheme,

bandwidth bj,k in percentage and number of connected UEs uj,k from each slice k in the

Edge O-Cloud j. Because of the state-action sequence defined in MDP, the state Sj(t) at

time t is the result of the previous action A(t− 1) taken at time t− 1.

Reward

The reward in our design is composed of two portions, negative and positive. Hence, they

can be calculated and weighted independently.

Nj(t) = −
∑
k∈K


1 if btj,k < L

0 otherwise

(4.4)

Pj(t) =
∑
k∈K

(s1,k∆F t
j,k + s2,kBt

j,k + s3,kDt
j,k) (4.5)

Rj(t) = wpPj(t) + wnNj(t) (4.6)
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The negative part Eq.(4.4) reserves a minimal amount of bandwidth L for each network

slice k. Therefore, the shared midhual interface will have a small portion of bandwidth

allocated for each slice to handle the newly incoming requests at time t + 1. This could

help avoid the allocation of all bandwidth for the more favorite or high demands network

slice(s) at time t, while the least favorite network slice has no bandwidth allocated by the

non-RT RIC. In other words, a UE joining on a less favorite network slice won’t be stuck

in the queue forever due to all the bandwidth being occupied by the more favorite network

slice(s).

The positive reward Eq.(4.5) is calculated by three components shown in Table 4.3.

The intent of the reward is to encourage the bandwidth allocation to favorite a targeted

slice. Dt
i,k calculates the average UE data rate using slice k at time t. Bt

j,k is the throughput

of a network slice k used on Edge O-Cloud j. Last, bandwidth utilization is assessed for a

network slice k on F t
j,k. The scale factor s is implemented to balance each feature in our

reward function into the same scope of scale. Consequently, these three components are

equally important, and one at a smaller scale will not be diluted or ignored.

The total reward function Eq.(4.6) is composed of the positive portion Eq.(4.5) minus

the negative part Eq.(4.4). The weight factor w is also considered and assigned to each

reward portion. Therefore, we can control which factor is more important than the other

later.

Shareable Q-table

Q-table is a lookup chart for the agent to store the Q-value. Those Q-values are calculated

from the reward in the exploring phase. After the Q-table is filled, the agent can search

for the optimal action to take based on the mapped Q-value from the state in the testing
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Table 4.3: Reward Notations

Runtime Data Domain Description

Dt
i,k N+ The average data rate of

slice k of UE i

Bt
j,k N+ Throughput of slice k of DU

j

F t
j,k N+ Free bandwidth of slice k of

DU j

or the actual practice. However, there are some known drawbacks to having or using a

Q-table. For instance, the Q-table demands memory storage heavily; otherwise, it runs

out of bounds quickly. Besides, if the learning rate is aggressive, it is possible that the

table is empty in most parts. In other words, the table might have most portions unvisited.

Therefore, several methods of reduction of the order are applied to keep the Q-table size

reasonable and functional in our proposed solution.

First, we propose sharing a Q-table between Edge O-Clouds. The Q-table can be defined

with common states and actions for the DUs from different Edge O-Clouds to update and

look up accordingly. The more powerful centralized Regional O-Cloud stores and manages

the Q-table. This assumption can be made because similar network environment settings

are applied to Edge O-Clouds within the Regional O-Cloud.

Bj = {
∑

bj,k|k ∈ K−} (4.7)

bj,k = Bj − {
k−1∑
k=1

bj,k|k ∈ K−} (4.8)

The second method is reducing order in the state dimensions on network slices. Firstly,

three considered network slices, eMBB, URLLC, and voice, share the same transmission
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midhaul interface on an Edge O-Cloud j in Eq.(4.7). Thus, the bandwidth of the last

slice can be calculated easily in Eq.(4.8). Secondly, the dimension of the user count can

be reduced. The technique of using ranking or the step function is introduced by counting

tens or hundreds of users per step based on the user scale on each network slice.

Last, the bandwidth in both state and action can be represented in percentage (%) to

address the different bandwidth scales used between the Edge O-Clouds. For example, a

smaller station might have 100 Gigabytes of bandwidth in total to share, while the other

station has 10 Terabytes of bandwidth.

4.4 System Implementation

With levels of customization provided by Python packages, we are able to implement the

main components and events of the disaggregated Edge O-RAN architecture with given

speeds of various UE movements.

4.4.1 Simulation Platform

This thesis implements a Python-based simulator to mimic the O-RAN environment, in-

cluding UE mobility in Fig 5.1. A Python-based RL algorithm interacts directly with

this simulation environment. To achieve the integration between the simulator and the

Q-learning model, the following open-source Python packages are selected.
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SimPy

The simulation environment is based on a Python framework, SimPy[57]. The framework

is designed for handling process-based discrete-event, which is ideal for handling in-

coming UE requests sequentially on Edge O-Clouds. The event following the time sequence

is implemented with a Python generator, which works well on recording events in a time

manner. In addition, several shared resources are provided for implementing the queuing

system and bandwidth sharing. Priority Resource is selected for queuing UE connec-

tion requests by considering different priorities for each network slice and releasing them

when the transmission finishes. For example, an UE requesting a URLLC connection can

connect to the DU before other request types. Container, another shared resource type,

is selected for managing continuously shared bandwidth, where in-use midhaul bandwidth

and users can be monitored. The framework also provides monitoring and step-in functions

to inject action or read the status of an UE or an O-Cloud at any time. The RIC later

heavily uses the monitoring function and acts as the agent in Q-learning to observe the

state and reward from the environment.

OpenAI

OpenAI [58] creates the MDP environment where the agent takes action based on the

states of the environment, and the environment feeds the new states and the reward back

to the agent. In order to customize Q-learning parameters, the Gym[59] package from

the OpenAI is selected as it is also written in Python. The GYM package provides the

customization from initial states, actions, and rewards to recreate our own MDP Q-learning

model.
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Expendable Model

SimPy, Gym, and OpenAI packages can stack and interact well with each other as they

all follow Object-oriented Programming (OOP) practice written in Python. SimPy creates

the network environment. Gym defines states, actions, and rewards at each timestamp.

OpenAI provides RL exercise environment and also the baselines of other RL algorithms,

which could be integrated in the future. As stated above, the network environment is

running in a group of 7 routers by forming a hex-formed network. Expanding the size of

the network is possible because those network variables are the collection of input to create

an object of the logical unit in our simulation.

4.4.2 MDP Implementation

As described in Algorithm 2, the Q learning model is trained for N episodes, and each

episode contains T seconds. On initialization, each network slice k of each DU1 j starts

with βj,k percent of the bandwidth. Each UE i is assigned to request a fixed data amount

yi from a network slice k, and a movement type defined in Table 5.2. After the simulation

begins, several events happen simultaneously on each second (t).

State

Each UE i moves vi meters every second based on its movement type. The UE i transmits

at di GB per second assigned by the connected Edge O-Cloud j nearby2. The summation

of connected UEs’ data rate
∑

di of the DU j represents the throughput Bj. The number

1One DU is located in the center of an Edge O-Cloud
2Details of UE mobility and data rate will be discussed in section 5.1.2
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Algorithm 2 Q-learning Based Solution

1: Initialization:

2: Each DU j starts with bandwidth bj,k for each k slice

3: Each UE i is randomly assigned with moving speed vi m/s and network slice k

4: Each UE i connects to nearby DU j and requests yi GB data

5: For Each environment step at time t do

6: UE (i) moves at vi m/s, and receives di G/s

7: Controller observes state st

8: x ← uniform random number between 0 and 1

9: if x ≥ ϵ then

10: Select At
j =

[
atk1,j, a

t
k2,j...

]
= arg maxa Q(st, at) for each DU j

11: else

12: Select random action At
j for each DU j

13: end if

14: Execute At
j for each DU j

15: Observe the next state st+1 and reward rt+1

16: Update Value Action: Q(st, at)← (1− α)Q(st, at)

17: +α

[
rt+1 + γ max

A
Q(st+1, A)

]
18: end for

of connected UEs is recorded per network slice k per DU j. The state Sj(t) is composed

of the throughput and the user counts of the DU j.

Action

On the Regional O-Cloud, the Non-RT RIC will check the incoming midhaul traffic request

for each DU j as a state Sj(t). The RIC has two options of actions to take for exploration

and exploitation.
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Table 4.4: Notation of Simulation Parameters

Given Data Domain Description

vi N+ movement speed of UE i

βI
k N+ initial bandwidth for slice k

βM
k N+ maximum bandwidth for

slice k

lj,k N+ floor value of bandwidth

threshold for slice k

ut
j,k N+ number of UEs for slice k of

DU j

• Random action is mainly for exploring other possibilities of reward based on the

current state.

• Greedy action is based on the epsilon-greedy approach (ϵ-greedy). The controller

looks up from the Q-table to find the best action for the Edge O-Cloud. The action

is chosen based on the maximized Q-value from the historical actions recorded in the

Q-table.

In the early phase of the training, the random action is selected most of the time to fill

up the Q-table. The controller leans toward greedy action later when most scenarios are

learnt.

Reward

The action aj,k impacts the Edge O-Cloud environment by increasing or decreasing the

bandwidth bj,k of a network slice k. After the action is taken and the reward Rj(t) is

received, the Regional O-Cloud calculates the new Q-value using the Bellman Optimality
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Equation (Eq. 2.7) and updates the Q-table accordingly.
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Chapter 5

Results

5.1 Simulation Setting

In order to better explain the result later and prove the model is an effective solution, this

section demonstrates the requirement and numbers used in the experiment.

5.1.1 O-Cloud Implementation

An Edge O-Cloud has K network slices. Each slice is assigned to bj,k of bandwidth in

percentage. The implemented network slices are eMBB, URLLC and Voice.

The topology is composed of a 7-cell honeycomb hex with six Edge O-Clouds in a small

hex shape around a Regional O-Cloud in the center with Non-RT RIC shown in Fig. 5.1.

The Edge O-Cloud is composed of a RU-DU pair. The Regional O-Cloud adds a CU along

with the RU-DU pair. Therefore, the topology has a total of 7 RU, 7 DU, and 1 CU as a

centralized network topology.
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Figure 5.1: Joint O-Cloud and UE Setup

Different network slices have specific traffic requirements. Table 5.1 sets the initial

traffic rate of a new UE when the UE connects to the nearby Edge O-Cloud based on

its labelled network slice. The bottom part of Table 5.1 defines the max rate an UE can

receive from the Edge O-Cloud. The eMBB slice targets a high peak rate, the initial rate

of an eMBB user is higher than other types of users, and also the max rate is not limited;

while other slices are not peak rate demanding, the initial rates are lower. Same for the

total data per request, the eMBB users request more data than others. In general, the

model will increase the transmission rate per UE by one GB per second if there is available

bandwidth to assign.

5.1.2 UE Implementation

Poisson distribution is used on the time domain to create a new UE event to introduce

randomness into the RL algorithm. An UE will be randomly assigned to a network slice

41



Table 5.1: Rates of Network Slices

Variables Unit

eMBB Initial Rate 1 GB/s

URLLC Initial Rate 100 MB/s

Voice Initial Rate 100 MB/s

eMBB Max Rate N/A

URLLC Max Rat 5 GB/s

Voice Max Rate 1 GB/s

and a type of movement independently. During the simulation, an UE moves freely within

the ORAN network and requests data of a given network slice from a nearby Edge O-Cloud.

The nearby Edge O-Cloud is selected for establishing the connection based on its distance

rank and connected user count.

UE mobility

The UEs are initially randomly distributed with Gaussian distribution as their initial lo-

cations. UEs will go to their new places every second based on their given speed defined

in Table 5.2.

The following moving speeds for each UE type in Table 5.2 are given by [1]. The unit

presented in the requirement [1] is in kilometer per hour. During the implementation, the

moving rate is converted into meter per second. The convention is for better alignment to

the time scale used in action and reward, which are all taken or calculated every second.
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Table 5.2: UE Mobility Types and Speed

UE Types Speed (km/hr)

Stationary 0

Pedestrian 0-10

Vehicular 10-120

UE data rate

While UE moves in the O-Clouds, the UE data rate changes not only by the assigned

bandwidth but also by its distance against the center of the connected Edge O-Cloud where

the RU is located. The received data rate and distance relationship is impacted by the

Radio Frequency (RF) Power Density (5.1) in [60] and the Shannon-Hartley Theorem (5.2)

in [61].

S =
P ∗G

4 ∗ π ∗R2
(5.1)

C = Blog2(1 +
S

N
) (5.2)

The received signal power S is calculated by the transmitter power P ; the power gain G over

the distance R2. The power density is in a three-dimensional sphere shape (4πR2). The

channel capacity C in (5.2) is the theoretical UE data rate. B is the channel’s bandwidth

in hertz. S/N is the signal-to-noise Ratio (SNR). S is the received signal power, and N

is noise power. Therefore, the data rate di of the UE i based on its distance R to the

connected O-Cloud can be easily calculated. In other words, UE data rate degrades when

the UE moves away from the connected Edge O-Cloud. The consideration of this data

rate degradation can be further extended to the handover problem between O-Clouds in

the future.
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Additionally, A greedy approach is taken to static bandwidth allocation per UE to

increase the model’s performance. In other words, if an Edge O-Cloud has more free

bandwidth allocated to a slice k, the controller will increase the UE data rate vi,k by

1 Gigabyte every second until the UE i finishes the transmission of yi GB from initial

requested data.

Table 5.3: Q-learning Settings

Parameters

Learning Rate (α) 0.1

Discount Factor (γ) 0.9

Epsilon Decay Factor 0.01

Min Epsilon (ϵmin) 0.01

5.1.3 Q-Learning Implementation

ε = max(εmin, e
−(decay ∗ episode)) (5.3)

s.t. εmin < ε < 1 (5.4)

The Q-learning settings are shown in Table 5.3. The model uses a slow learning rate (α)

of 0.1 and a typical discount factor (γ) of 0.9 for the Q-learning equation (2.7). A dynamic

ϵ-greedy approach is implemented in Eq.(5.3) for calculating the exploration probability

(ϵ). The larger value between a given minimum ϵ or ϵ value of the episode is used. The ϵ

value per episode is calculated by taking the exponential value of the negative decay factor

multiplied by the i episode. Therefore, the used ϵ value will fall between the range of 1

and ϵmin (Eq.(5.4)). This dynamic exploration method will start the training with more
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explorations and end with more exploitation.

5.1.4 Testsets

Table 5.4: Testsets

Testset Mid High

eMBB UEs [100,200,300,400,500]

URLLC UEs 500 1000

Voice UEs 1000 500

In order to show that the Q-learning model can utilize the bandwidth in various sce-

narios, the counts of UEs increases in the network between different experiment sets shown

in Table 5.4. The increase of UE can show the model performance from idle to busy net-

work activities. Considering experimental and controlled groups in mind, the UEs of the

targeted network slice, eMBB, increase by 100 UEs from 100 UEs to 500 UEs between

different experiment sets. The controlled network slices, URLLC, and voice slice have a

fixed number of UEs in the network per scenario. The UE profile with 500 URLLC UEs

and 1000 voice UEs is named the Mid (URLLC) traffic profile. Since the Voice net-

work slice has much fewer traffic demands than the other slices, switching the UE counts

between the two controlled network slices, URLLC and Voice, can significantly increase

the traffic stress in the network. The UE profile of the High-Traffic network is named the

High (URLLC) traffic profile. In order to evaluate the model and the performance on

different traffic stress levels, the research conducts a simulation run of 1000 episodes on all

five sets of eMBB UEs for both Mid and High profiles.
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5.1.5 Baselines

Compared to our Q-learning model, two sets of bandwidth allocation baselines are created

in Table 5.5. The Balanced profile allocates the bandwidth fairly between network slices

and assigns ten percent more bandwidth to the eMBB slice because eMBB is known for

more traffic demanding. The other baseline, eMBB-Focus, gives 90% bandwidth to the

eMBB slice, and the other two network slices share the rest of 10% bandwidth equally to

meet the minimal requirement.

Table 5.5: Baseline Profiles

Bandwidth (%) eMBB URLLC Voice

Balanced1 40 30 30

eMBB-Focus2 90 5 5

5.2 Performance Evaluation

Fig 5.2 shows the learning curves of different eMBB scenarios. The learning curve is plotted

by accumulating the rewards over time for 1000 episodes. The cumulative reward is high

because a single reward falls on the scale between [1-10]. During the training phase, the

cumulative reward is recorded after each iteration and takes an average of 50 iterations

per data point. Five learning curves are plotted to represent each eMBB user’s scenario.

The optimal Q-value is found around 400 episodes shown in Fig 5.2, where the learning

curves are converged. The convergence of cumulative reward proves that the model can

learn from the simulated O-RAN environment. Therefore, the model is ready to proceed

1Balanced baseline is also referred as base40 or eMBB40
2eMBB-Focus baseline is also referred as base90 or eMBB90
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Figure 5.2: Reward convergence during training process

to the test phase. The test phase compares the Q-learning result against the baselines of

the same eMBB user counts in the same scenario. As mentioned in Table 5.5, the baselines

have static bandwidth allocated to each network slice. The simulation duration is set to

120 seconds for collecting results from baselines and the Q-learning model.

In order to evaluate if the proposed Q-learning model is able to adjust to the changing

traffic flows in the simulation network environment, Fig 5.3 is a snapshot from the running

simulation generated from one of the edge O-Clouds. The figure shows the allocated

bandwidth between different slices, the actual bandwidth usage or demands of each slice,

and the number of users per slice. The stats of eMBB slice is in blue on the left column.

The URLLC is in yellow in the middle column. The voice slice is in green on the right

column. The first row shows the bandwidth capacity allocated to each network slice. The

47



Figure 5.3: Bandwidth Allocation and O-Cloud States

eMBB slice gets more bandwidth allocated over time, while the URLLC and the voice

slices receive less bandwidth over time. The second row of the figure shows the percentage

of usage based on the allocated bandwidth. The bandwidth increase doesn’t reduce the

eMBB usage percentage much, meaning throughput increases for each UE. The third row

is the number of users connected to the O-Cloud for each slice, which reflects the traffic

demands of each slice. The usage percentage increases or decreases accordingly to the

change in user counts.

After the evaluation of the convergence of the model and the dynamic changes captured

in the Edge O-clouds states, we can claim the model is working as expected and ready to

proceed to the next stage.
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5.3 Results and Analysis

In the following section, we will discuss the results collected after the simulations in both

Mid-Traffic and High-Traffic scenarios and compare our scheme with two baselines. The

analysis also covers discussion on both perspectives of Edge O-Cloud performance and the

UE QoS.

5.3.1 Midhaul Bandwidth Usage

Mid-Traffic Result

Figure 5.4: Bandwidth Usage in Mid-Traffic Profile

In the Mid-Traffic scenario, the controlled parameters are 1000 UEs using the Voice

slice and 500 URLLC UEs set in Table 5.4. None of these two network slices is expected to

1base40 is Balanced baseline, and base90 is eMBB-Focus baseline.
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consume more bandwidth than eMBB slice. In the following figures, we have a standard

colour schema for each network slice. eMBB is in blue, URLLC uses orange, and the voice

slice shows in green. In bandwidth usage Fig 5.4, the results are grouped by the number

of eMBB users from left to right. In each group, the 3 bars from left to right represent the

balanced baseline result, the eMBB Focus result, and the Q-learning result.

The Balanced baseline shows that the static allocation limits the eMBB bandwidth to

the given value while a huge chunk of bandwidth in other slices is unused. Fig. 5.4 illus-

trates that the balanced baseline provides sufficient bandwidth for users of 100, 200, and

300 eMBB in the Mid-Traffic profile. However, this static balanced bandwidth approach

is inadequate for higher users of eMBB. eMBB throughput has already reached the limit

of 40% bandwidth and cannot increase more.

After seeing eMBB slice is suffered from the limitation of static bandwidth in a balanced

baseline, the eMBB-Focus baseline improves and assigns 90% of the bandwidth to eMBB

since eMBB requests are expected to be bandwidth eager in the network. As the result of

this baseline scenario in Fig. 5.4, the eMBB slice receives enough bandwidth while users

increase in eMBB slices. However, the trade-off is that the other network slices are not

able to request more bandwidth from the network, although the eMBB slice has unused

bandwidth in less traffic stress scenarios on the left side of Fig. 5.4.

On the other hand, the Q-learning model can dynamically assign extra unused por-

tions from other network slices to the eMBB slice while the eMBB request increases from

100 users to 500 users. At the same time, the other slices can receive sufficient band-

width allocated while unused bandwidth is available in the network. On the max 500

eMBB users scenario, the Q-learning model is able to provide fair bandwidth distribution

to each network slice by sacrificing slightly eMBB bandwidth and sharing it with other
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slices compared to eMBB-Focus baseline. Therefore, we can see that the eMBB slice has

a slightly lower percentage of allocated bandwidth on the right (Q-learning) bar than the

middle (eMBB-Focus) bar on the rightmost group in Fig. 5.4. Contrarily, the URLLC slice

receives triple the bandwidth from the Q-learning model over eMBB-Focus baseline.

High-Traffic Result

Figure 5.5: Bandwidth Usage in High Traffic

Compared to the Mid-Traffic profile, the High-Traffic profile doubles URLLC UEs and

reduces voice UEs described in Table 5.4. When the eMBB UEs are low in counts, the

balanced baseline, base40, is able to manage the increase of the URLLC demands as

well as the Q-learning model. However, the eMBB-Focus baseline, base90, provides a

saturated bandwidth allocation for URLLC slice. As expected, the 5% bandwidth allocated

to URLLC is fully in use by higher URLLC users in the high-traffic profile with only 100

eMBB UEs shown on the left side of Fig. 5.5. Moving toward the right side of Fig. 5.5,
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the balanced baseline is inadequate to provide sufficient bandwidth for eMBB slice. The

eMBB-Focus baseline never makes more effort to share bandwidth to URLLC slice. The

Q-learning model attempts to find the fairness of bandwidth sharing between the URLLC

and eMBB slices by sacrificing some more eMBB bandwidth than the Mid-Traffic profile.

Overall, the results from the High-Traffic profile highlight the known differences be-

tween the two baselines and the Q-learning model even more. The Q-learning model tends

to give weight to the fairness factor while maintaining high bandwidth allocation on the

target eMBB slice. This fairness behavior is suspected of being encouraged by Eq.(4.4),

discouraging bandwidth allocation from being lower than the minimum threshold. How-

ever, the weight factor of negative reward is left as-is in Eq.(4.6) in the Q-learning model.

In the later section, the fairness of Q-learning is going to be evaluated with more discussion

on whether other performance factors are impacted or not. In other words, the sacrifice

of eMBB bandwidth should be rewarded or adjusted by the weight factor. Generally, the

unused bandwidth is well utilized with the Q-learning model by 10% or more, and the

target slice and other slices all receive optimal throughput.

5.3.2 QoS Result and Analysis

After careful examination of the utilization on the Edge O-Cloud side, the evaluation of the

QoS and QoE is provided from the client side. UE data rate and transmission time (time

to finish) on static data requests are two good indicators to represent the UE QoS and

QoE provided by our proposed Q-learning solution. In the following section, we illustrate

the results of the comparison between the two baselines, the Balanced and eMBB-Focus

baselines, and the proposed Q-learning method in terms of UE experience.
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UE data rate

Figure 5.6: UE Average data rate in Mid Traffic

Initially, the UE data rate is calculated and presented by taking the average of data rate

from UEs in the eMBB slice in Fig. 5.6. The three blue lines represent the average eMBB

data rates of different models. The light blue and round dot is the Balanced baseline,

eMBB40, the blue line with the “x” symbol is the Q-learning result, and the blue line with

the square symbol is the eMBB-Focus baseline, eMBB90. The eMBB average data rate

of the Q-learning result is higher than the balanced baseline and lower than the eMBB-

Focus baseline. This shows the same result as the bandwidth usage discussed in the above

section 5.3.1. However, the average result does not present substantial information on the

peak rate nor the distribution of UE data rate. With greedy peak rate implementation, the

Q-learning model will try to increase the UE data rate when there is available bandwidth.

This greedy implementation will help improve the peak rate, especially for the eMBB slice.

53



Figure 5.7: Average Data Rate in Mid Traffic

In order to present the eMBB data rate distribution visually into one combined figure,

the violin plot [62] is chosen to represent the density of the data rate as it is a combination

of the box plot [63] and kernel density plot [64]. The box plot is usually used to show the

maxima, minima, and majority of the data distribution. The kernel density plot is used for

displaying the probability distribution. Therefore, the violin plot can well demonstrate the

maxima and minima from the box plot and sub-populations with density in the distribution

from the rotated kernel density plot of our created scenarios.

Five groups in Fig. 5.7 from left to right represent the increase of eMBB users in our

designated experiment. The three different colored bars in each group have the following

labels, base40, base90, and qlearn. The label of base40 in the blue bar represents the

result for the balance baseline as it assigns eMBB slice with 40% bandwidth. The orange

bar, base90, represents the result of the eMBB-Focus baseline. The green violin bar is the

Q-learning result.
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Figure 5.8: Average Data Rate in High Traffic

Fig. 5.7 shows the network’s user data rate distribution in Mid-Traffic profile. The

blue violin plot from the balanced baseline shows less population on the higher data rate

than both eMBB-Focus baseline and Q-learning result. On the other hand, the violin bars

of the Q-learning model and eMBB-Focus baseline have similar outcomes on both the max

data rate (peak rate) and sub-populations. As analysis shown in the above UE data rate

section, eMBB-Focus baseline, base90, has a slightly larger population on the high data

rate than the Q-learning model because the Q-learning model shares some bandwidth with

the URLLC slice. One thing to notice from Fig. 5.7 is that the tiny horizontal bar in the

plot is the data distribution’s median. The eMBB-Focus baseline always has the highest

median compared to the other two models. The Q-learning model’s median varies between

the two baselines’ medians

The High-Traffic result is shown in Fig. 5.8. The results show the same trend that

the balanced baseline has most of its data rate populations on the lower side. The eMBB-
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Focus baseline shows its ability to provide good QoS to eMBB users by holding the peak

rate up to 500 eMBB users and the highest median among the other two models. With

higher URLLC demands, the peak rate and the median rate on Q-learning now drop when

eMBB users increase.

Transmission Time

The transmission time is another indicator of the QoE. In general, if one model can finish

the transmission faster for the same amount of data requested by an UE, the model will

provide a better-downloading experience to the user. In the following result, the transmis-

sion time is individually compared on different slices and also summed up into the total

average. From left to right, we have the same five groups by increasing 100 eMBB users

starting at 100 users, as described in Table 5.4. Each slice uses the same color shown in

the above figures. eMBB is in blue, URLLC is in orange, and the voice is in green. Purple

is newly introduced to represent the average total transmission time. The same color bars

from light to dark represent the balanced baseline, the eMBB-Focus baseline, and the Q-

learning result. In order to compare the result accurately, the data request uses different

static values depending on its network slice type.

In Mid-Traffic profile, the duration of eMBB requests in blue increases when more

eMBB users join the network on the top row in Fig. 5.9. The transmission time increases

slower on the eMBB-Focus baseline and Q-learning model than on the Balanced baseline

when increasing eMBB users between testsets. As stated earlier, the Q-learning is known

to share the more unused bandwidth to the URLLC slice than eMBB. Because Q-learning

has less bandwidth allocated for eMBB, the transmission time on the Q-learning model is

slightly higher than the eMBB-Focus baseline.
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Figure 5.9: UE Transmission Time in Mid Traffic

Comparing the transmission time of the URLLC slice shown in orange, the balanced

baseline is actually taking a shorter time to finish than Q-learning in Fig. 5.9. On the

Opposite, the eMBB-Focus baseline has the significantly worst performance on completing

the transmission for the same data amount requested by the URLLC UEs compared to the

other two models. This undesired performance is due to the minimum bandwidth of five

percent allocated for the URLLC slice.

The green bars on the third row in Fig. 5.9 show the transmission time of the voice

slice. The baselines and Q-learning models have similar results on the transmission time

of voice traffic. The bottom row in purple of Fig. 5.9 is the total average transmission

regardless of network slices. The Q-learning model is able to finish the transmission faster

than the other two baselines, especially when it comes to 500 eMBB users on the right of

the Fig. 5.9.
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Figure 5.10: UE Transmission Time in High Traffic

In the High-Traffic profile, we demonstrate the transmission time from the eMBB slice

to the total average time in Fig. 5.10 by the same order in Fig. 5.9. As expected, eMBB-

Focus baseline has the shortest transmission time due to the most bandwidth allocated

for eMBB usage. The eMBB transmission time increases significantly for the balanced

baseline. In the Q-learning model in dark blue, the eMBB transmission time increases

slower than the Balanced baseline but faster than eMBB-Focus baseline. Contrarily, the

eMBB-Focus baseline has a significantly high URLLC transmission time with only 100

eMBB UEs in the network. The balanced baseline has a static URLLC transmission time

between different numbers of eMBB UEs. The Q-learning model is able to provide the

shortest URLLC transmission time. This result illustrates the trade-off between eMBB

throughput and the URLLC transmission time. The green bars represent the transmission

time of the voice slice. The models have similar results in general. Lastly, the total average
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duration in purple indicates that the balanced baseline increases slowly over time. The

eMBB-Focus baseline performs the worst with fewer eMBB demands. The Q-learning

model again provides the shortest transmission time.

In summary, the Q-learning model demonstrates that it provides the best QoS and QoE.

The peak rate and data rate distribution are comparable to the eMBB-Focus baseline. In

addition, the Q-learning model provides a shorter transmission time. Last but not least,

the fairness of the Q-learning significantly benefits the URLLC slice on transmission time.

In other words, the impact of the fairness generated by the Q-learning model can neglect

the loss of the eMBB throughput on the Edge O-Cloud.
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Chapter 6

Conclusion and Future Work

6.1 Conclusion

RAN has evolved alongside different generations of the mobile network, from the Second

Generation (2G) to the approaching 6G mobile network. Nowadays, resource allocation in

edge networks can be interpolated into diverse areas when the functional units within RAN

are divided into smaller sources inside NFV. With the help of AI and growing computational

power, machines can analyze and learn massive data and understand it in an unexplored

way. Complex RL algorithms can extract new patterns and undiscovered policies.

This thesis focuses on finding the optimized bandwidth allocation for different network

slices on the disaggregated O-RAN architecture. First, we started by reviewing the prior

research in the related fields. As Elsayed et al. [10] envisioned, many areas in RAN can

introduce AI techniques to provide better optimization solutions than traditional methods.

In the early stage, the research focuses on the fronthaul resource allocation in the wireless

network by optimizing RB in time or frequency domains in OFDM model. While the
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resource allocation problem in fronthaul is still prevalent, we discovered limited research

focusing on the midhaul area. Therefore, we decide to step in and contribute to this field.

In the thesis, we propose a novel Q-learning model to dynamically allocate the shared

midhaul bandwidth between network slices with the existing O-RAN functional split con-

cept. To prove our proposed scheme, a Python-based simulator is developed for customizing

5G edge mobile network and RL environment. Compared to prior works, we consider the

UE movement with various speeds defined in [1]. In order to prevent UE from running

out of bounds and adding complexity to our work, we propose to have a multi O-Clouds

topology, which forms a beehive form of 7 O-Clouds by 6 Edge O-Clouds surrounding a

centralized Regional O-Cloud. The simulator is written in Python, as most of the latest RL

libraries are also developed in Python. The customized RL environment is implemented in

the OpenAI and gym python packages. The proposed Q-learning model carefully follows

the rules of MDP. The Q-table contains the UE counts and the bandwidth percentage of

network slices as state, and the change of bandwidth in percentage as action. The reward

is formulated with free bandwidth, utilization, and minimum threshold concepts.

In the result section, the validation shows that the proposed Q-learning model provides

a better optimization of bandwidth allocation for both MNOs and UEs compared to the two

baselines. The baselines cover a balanced bandwidth allocation and preferred bandwidth

allocation, namely eMBB Focus baseline. Experiments are conducted on different test sets

of traffic profiles with the Q-learning model and two baselines. On the Edge O-Cloud

side, the Q-learning model is able to provide eMBB slice with high throughput in both

mid and high (URLLC) traffic. However, the Q-learning model is noticed to sacrifice a

small throughput on eMBB to URLLC slice compared to the eMBB Focus baseline. The

fairness behavior is revealed on both mid and high traffic profiles. On the other hand,
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our Q-learning model can provide a similar result on eMBB UE datarate as eMBB Focus

baseline. In addition, our Q-learning model outperforms the transmission time of different

slices and the total average duration of both baselines. Therefore, we can claim that the

trade-off on throughput can be neglected as the impact on QoS is not noticeable.

Overall, the exciting results prove the RL is an ideal direction to follow on the band-

width allocation problem. The simulator has the potential to work with other RL algo-

rithms and also expand the scale of networks or O-Clouds. The journey of RAN goes from

D-RAN, C-RAN to now O-RAN. I believe the evolution of RAN will not stop here. I am

glad that I could participate in this evolution and make a small contribution to bringing

people better QoS and QoE in this data-driven era.

6.2 Future Work

More aspects of bandwidth optimization can be attributed to the midhaul disaggregated

O-RAN architectures. More could be identified after considering the following directions.

• UE Handover: Due to 5G cell having shorter coverage than older generations, the

handover will happen more often when an UE moves within the designated beehive

topology between the Edge O-Cloud. In order to increase the realism of the proposed

scheme, it’s highly suggested to add the extra application layer to deal with the

handover problem.

• Dynamic baselines: The research only provides the comparison against static band-

width by considering balanced or eMBB-Focus scenarios. Other baselines such as the

Round-Robin scheduling method [53], or MILP [15] could be implemented for future

comparison.
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• Deep dive into RL: After showcasing the RL is powerful for optimizing the band-

width utilization with the most basic but memory-demanding Q-learning algorithm

in network sliced O-Clouds. Other members in the RL family can be explored and

provide an equal or better result. For example, DQN is more memory efficient in

high-dimension space, and more factors can be added into consideration and increase

the complexity of the model. Although it might require a more powerful computa-

tional unit. Thanks to the freedom of virtualization providing, the computing unit

or memory unit can be added or removed easily from an O-Cloud.

• OpEx resources: With more powerful RL algorithms introduced in the near future,

more factors related to OpEx can be added to the model. Throughput is not the only

factor of MNO network deployment. In order to provide a high peak rate on a cost-

effective network, CPU and power usage and more resources should be considered in

the future scheme when building a disaggregated virtualization network.
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Appendix A: Notations

Table A.1: All Notations

Sets Size Description
i ∈ I I UEs
j ∈ J J Edge O-Clouds (DUs)
a ∈ A A bandwidth change range
k ∈ K K bandwidth slices
t ∈ T T time slots
v ∈ V V UE movement

Variables Domain Description
btj,k [0, 100] allocated bandwidth for

slice k of DU j
atj,k [−10, 10] allocated bandwidth per-

centage change for slice k of
DU j

Given Data Domain Description
vi N+ movement speed of UE i
βI
k N+ initial bandwidth for slice k

βM
k N+ maximum bandwidth for

slice k
lj,k N+ floor value of bandwidth

threshold for slice k
ut
j,k N+ number of UEs for slice k of

DU j
Runtime Data Domain Description

Dt
i,k N+ average data rate of slice k

of UE i
Bt
j,k N+ throughput of slice k of DU

j
F t

j,k N+ Free bandwidth of slice k of
DU j
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