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Abstract

The advent of fifth-generation (5G) wireless communication has introduced a paradigm shift

in how cellular networks operate and how network resources are allocated. As data networks

become increasingly dynamic and complex, resource allocation can not be uniformly applied

to all network users; rather, it should be implemented through a user-centric construction

of virtual functions , commonly known as network slices. However, network slicing can

be complemented by a slice admission control (SAC) process that permits only those slice

requests that satisfy quality-of-service (QoS) requirements. Furthermore, automated and

intelligent networking approaches can be employed to enhance SAC and optimize key

objectives such as revenue, fairness, scheduling efficiency, and network resilience. This

thesis investigates SAC in a resource-constrained, inter-domain 5G network, with a focus on

improving the utility, fairness, scheduling, and network resilience of infrastructure providers

(InPs).

Firstly, this thesis develops an inter-domain resource allocation framework that elucidates

the inherent non-linearity of its formulation. The resulting formulation is presented as a

mixed-integer non-linear programming (MINLP) problem and is proven to be NP-hard. In

this context, the study conducts a comprehensive analytical comparison of various feasible

solution approaches to address this problem, including branch and bound (BnB), successive

convex approximation (SCA), the alternating direction method of multipliers (ADMM),

heuristic methods, genetic algorithms (GA), and machine learning (ML) techniques.

Secondly, this thesis introduces a multi-server, multi-queue resource scheduling framework

aimed at accurately predicting costs and resource availability over a 24-hour period. By

leveraging virtualized inter-domain resource blocks, the transient probabilities of queues are

xiv



derived. The investigation finds that the predictions of the deep Q-learning (DQL) agent

generally fall within an acceptable average variation of 6%.

Thirdly, this study investigates the impact of integrating slice admission control (SAC) with

an auction-based game, which is double-ended bidding mechanism that allow both network

resource buyers and sellers to place preference so that resources can only be allocated to

the most deserving bidder, this aim to maximize overall utility and enhance fairness. The

thesis introduces inter-domain resource models for n-class zoned 5G slices. By increasing

the probability of admission during periods of resource availability, the findings demonstrate

that the reinforcement learning agent improves long-term utility and fairness by 68.2%.

Finally, this thesis proposes a novel sequential twin-actor critic (STAC) method that

optimizes a two-stage action process—namely, slice admission control (SAC) and resilience

maintenance—by adjusting network resource blocks (RBs) to maximize overall utility.

Additionally, the probability of slice acceptance is evaluated and compared with that of

similar schemes. Given the anticipated density of up to one million devices per square

kilometer, this study provides supplementary insights into SAC in an anomalous multi-node

environment by analyzing data from admitted slice requests to detect any irregular patterns.

The results demonstrate that the adopted reinforcement learning (RL) scheme outperforms

the compared approaches.
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Chapter 1

Introduction

1.1 General Introduction

Wireless communication has taken a new paradigm shift in the way network users are

assigned network resources, deviating from the monolithic nature of the fourth generation

(4G) wireless system where ”one fits all” resource assignment was employed. The new mode

of communication which in-cooperating the 5th generation (5G), and the 6th generation (6G)

is characterized by a customized resource allocation strategy. This strategy aims to match

unique network requirement of each user with tailored network resource assignment. The

key enabler to non-monolithic network resource allocation is known as network slicing[1].

Network slicing allows the creation of logical network instances known slices that can be

assigned to specific user requirement and be deployed on a common physical infrastructure

to meet the slice instance quality of service(QoS) [2, 3].

Compared to its predecessor, 5G incorporates key network capabilities, such as Network

Function Virtualization (NFV) [4] and its corresponding virtual network functions (VNFs),

which are implemented using Software Defined Networking (SDN) technology. This allows

for the orchestration of VNFs on commodity servers, leading to increased resource flexibility

and isolation, and enabling highly customizable network slices. The integration of NFV and

SDN in 5G represents a significant advancement in network architecture and functionality.
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Network users can request network resources based on specific demands. However, due to

resource scarcity, slice providers have the ability to scrutinize these requests and only admit

slices that align with specific provider objectives.

Slice admission control algorithms can provide effective resource allocation and reliable

function chaining by setting specific objectives based on analyzing user requests and network

status. These algorithms are designed to efficiently manage network resources while ensuring

that the required QoS is maintained. By employing slice admission control algorithms,

network operators can optimize their resource utilization and provide differentiated services

to meet the diverse needs of their customers.

Network slices can be constructed partially or end to end and then launched as a service

function. This process is known as service orchestration. The orchetrator role is also to

supervise and manage such network slices [5]. Further, the success of 5G communication has

leveraged the ability to decouple the user data plane (U-plane) and the control plane (C-

plane) which was first formulated in Phantom Cell Concept (PCC) [6] to improve scalability,

security, flexibility and reliability. Indeed, the ability to instantiate VNFs on commodity

servers have enabled improved control allowing the underlying physical network to perform

fast data forwarding.

In the context of 5G, slice admission control (SAC) plays a crucial role in efficiently managing

network resources. SAC involves several key players, including the slice tenant (ST) or

virtual network operator (VNO), who is a third-party provider that obtains a bundle of

virtual network functions (VNFs) from the infrastructure provider (InP). The InP, on the

other hand, owns the physical substrate that is abstracted from the VNO. This abstraction
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allows the VNO to perform slice scheduling and assign cost unit to resource usage per user

while an InP can assign cost per VNO. The interaction between a VNO and a user, dictates

that a user can be admitted to a slice in a process known as intra-slice admission. Meanwhile,

the InP can admit a VNO into a resource pool, which is referred to as inter-slice admission.

These interactions and admission processes are essential for enabling network virtualization

and ensuring efficient utilization of resources in the 5G ecosystem[7].

The unclustered data from network users represents tailored user resource demands [8]. To

standardize the provisioning of network slices, the International Telecommunication Union

(ITU) has defined categories for slices. These classifications include massive machine type

communication (mMTC), which is designed to support bursty and lightweight payloads,

making it suitable for applications such as the Internet of Things (IoT) that require massive

connectivity, low latency, and low power consumption.

Another category defined by the ITU is enhanced mobile broadband (eMBB), which is geared

towards data-intensive applications such as high-density (HD) video streaming and virtual

reality (VR). Lastly, the ITU has also defined an ultra-reliable low latency (URLLC) slice

category, which is ideal for delay-sensitive services such as autonomous vehicles, remote

healthcare, and unmanned aerial vehicles (UAVs). These standard slice categories provide

a framework for designing and provisioning network slices that serve specific application

requirements in the 5G environment[9].

As part of the slice admission control process, the InP is responsible for defining admission

control objectives. Efficient optimization of these objectives can lead to improved network

fairness, resilience, and profitability. Additionally, it enables the investigation of various
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relevant questions related to network reach and performance. For instance, an InP may

define a slice with the objective of optimizing revenue by selectively admitting only requests

that have short-term network occupancy and stringent latency constraints. This strategic

admission control objective allows the InP to make informed decisions about which slice

requests to admit, based on their potential revenue generation and the network’s capacity

and performance. By carefully setting admission control objectives, InPs can align slice

provisioning with business goals and optimize resource allocation, leading to more effective

and profitable network operations [10, 11]. Other slice admission control objectives include

QoS maintenance, admission control fairness, inter and intra-slice admission congestion

control [12–14].

The flexibility of network slicing and the evaluation of admission control objectives are still

evolving, and there is room for improvement. This is primarily due to the diverse nature

of user requests and behavior, as well as the dynamic nature of 5G networks. Therefore,

generally speaking, the objective of this research is to investigate and understand the ever-

changing user demands and their impact on network usage in the context of slice admission

control. By studying and analyzing user behavior and demands, this research aims to identify

ways to improve the efficiency and specific effectiveness of slice admission control in 5G

networks, ultimately enhancing the overall performance and operability of the network.

1.2 Research Motivation

Slice admission control (SAC) methodology in 5G communication networks interrogates user

and network parameters in order to uncover abstracted patterns that can be utilized to
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optimize network performance and maximize market returns for operators[15]. By analyzing

user requests and network status in real-time, SAC can provide a comprehensive view of

network conditions. These conditions can be employed to dynamically adapt the network

resources, improve network fairness, resilience, and profitability, and respond proactively to

changing user demands[1].

The inherent dynamics and unpredictability of networks and user behavior present significant

challenges in adopting a standardized approach for optimizing network resource allocation

and slice admission control. Traditional methods relying solely on historical data may not

suffice in making informed decisions about the current network status, particularly in the

context of rapidly evolving 5G and 6G networks. Therefore, it becomes crucial to implement

an intelligent approach that leverages temporal and non-static data to optimize admission

control.

To address this issue, a more generalized approximation is required, enabling efficient

adaptation to rapid changes in user demands and network status. This approach should

allow real-time adjustments and informed decision-making regarding resource allocation and

slice admission control. By incorporating temporal and dynamic data into the optimization

process, a more intelligent and adaptable framework can be developed to optimize network

resource allocation and effectively handle evolving user demands and network conditions.

The practical application and adaptability of reinforcement learning (RL) techniques offer

a powerful tool for effectively interacting with temporal network environments and making

decisions that closely mimic human responses more rapidly [16]. RL can be leveraged to

optimize admission control in the context of network slicing, addressing the challenges posed
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by granular and unpredictable user and network data. Additionally, the exploration of

multidimensional data for admission control optimization is an under-explored area. By

utilizing RL, it becomes possible to streamline the process by reducing dimensionality and

optimizing efforts towards specific admission control objectives, thereby providing a more

efficient and compact approach. The rate of admission, which represents the number of

admitted slices divided by the total number of slice requests, serves as a crucial performance

indicator in slice admission control. However, this rate alone does not provide significant

value unless it is utilized to optimize both user and network objectives. Therefore, various

challenges persist in the field, including admission fairness, efficient scheduling, network

resilience maintenance, and profit optimization, which remain open problems requiring

further exploration and solution. These challenges necessitate the development of novel

approaches to effectively address them and enhance the overall performance and effectiveness

of slice admission control.

1.3 Problem Statement

Investigations into slice admission control optimization with RL have predominantly

focused on static network operations, often targeting single QoS metrics and leveraging

single-dimensional data to enhance profitability. However, there remains a gap in the

literature regarding a comprehensive study on slice admission control that incorporates

multidimensional data and accounts for hidden user and network patterns. This study

aims to address these limitations by examining slice patterns to enhance considerations of

fairness, efficient resource scheduling, resilience, and slice profitability.
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1.4 Research Aims and Objectives

This study aims to tackle the problem of slice admission control with a focus on revenue

optimization, taking into account both user and network objectives. Specifically, we address

the challenges of maintaining slice admission fairness, efficient slice scheduling, network

resilience maintenance, and profitability within an end-to-end 5G ecosystem.

In contrast to existing literature, which often restricts investigation to slice admission using

single-dimensional data solely for QoS maintenance, inter-slice and intra-slice congestion

control, this thesis takes a broader perspective and considers multiple objectives to optimize

revenue generation in a comprehensive manner. By exploring these additional dimensions,

we aim to provide a more holistic and effective approach to slice admission control in 5G

networks.

The approach chosen in this investigation relies on the formulation of non-standard network

slicing but still aligning to the known eMBB, uRLLC, and mMTC slices while considering

spatio-temporal user and network parameters to achieve the following objectives.

• To perform comprehensive complexity analysis for slice admission control optimization

algorithms as a motivation for machine learning approach to slice admission control.

• To propose and formulate analytical expression for slice scheduling and analyze the

performance considering resource and cost prediction over the selected period with

Deep Q-Learning scheduler for multi-queue multi-server.
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• To formulate the expression for slice admission control to implement fairness through

slice auctioning and evaluate the performance through Q-learning.

• To develop and analyze slice admission control for resilient 5G network which improves

network utility using a novel approach known as sequential twin-actor critic (STAC)

in a multidimensional state space while efficiently adjusting throughput, computation

and memory resources.

1.5 Research Questions

In this section we outline the corresponding research questions targeted to be answered

through out this Thesis.

• What are the optimal methodologies to address the challenges posed by the intricate

dynamics of network resource allocation and admission control, particularly in

environments characterized by highly dynamic and nonlinear fluctuations in network

resources?

• What factors contribute to the suitability of RL as an effective approach for addressing

slice admission control alongside broader objectives such as resource scheduling,

equitable admission control, and the preservation of network resilience?

• What is the significance of resource scheduling within the context of slice admission

control, and how can this process be executed with precision while simultaneously

accurately estimating the anticipated slice cost?
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• How can slice admission control be performed fairly while improving an InP’s revenue?

• How can network resilience be maintained in a highly dynamic 5G network while

leveraging slice admission control for revenue optimization?

• How can slice admission control enhance anomaly detection where there are massive

connectivity of 5G network nodes?

1.6 Research Contributions

This study addresses slice admission and associated objectives in 5G wireless network. By

extensive study of existing literature, it is determined that, slice admission control yield

immense data that can be employed to improve network performance. This study stands

on this foundation to employ slice admission control as a method of improving slice fairness

enhancement, enabling efficient scheduling, resilience improvement and improved anomaly

detection. The contributions are detailed as follows.

• The study outlines a comprehensive complexity analysis into classical resource

allocation scheme and employs the analysis as a starting point into the motivation

to employing machine learning in solving slice admission control problems. Successive

Convex Approximation (SCA), Alternating Direction Method of Multipliers (ADMM),

Branch and Bound(BB) and Heuristic approaches are studied and analyzed.

• This thesis also presents efficient slice scheduling as scheme of improving revenue by

adopting stochastic differential equations (SDE) to formulate a solution for multi-queue

multi-server approach in resource allocation
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• The study further presents enhanced fairness in resource allocation. The problem is

addressed by adopting an auction game and proving incentive compatibility through

Nash Equilibrium. This approach is then solved using reinforcement learning.

• Further contributions of this study involve the formulation of resilience-aware strategy

within a multi-dimensional state space leveraging slice admission control. A novel

Sequential Twin Actor-Critic (STAC) model is developed to tackle this problem.

1.7 Thesis Outline

Figure 1.1: Summary diagram for Thesis outline

This thesis has seven chapters summarized in Figure 1.1, the rest of the chapters are organized

as follows.

Chapter 2 provides a comprehensive complexity analysis for slice admission control optimiza-

tion schemes for problems formulated as mixed-integer non-linear programming (MINLP) as

a motivation for machine learning approach to slice admission control. This analysis have

been published in journal paper [J-1]
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Chapter 3 explores the reinforcement learning (RL) approach to slice admission control,

examining the suitability of each approach in achieving the intended goal of market

optimization. This chapter constitutes a segment of the research published in Journal [J-2].

Chapter 4 investigates the effect of slice scheduling to market optimization, aligning to deep

Q-learning ability to deal with continuous data presenting evaluation of server and queue

transients and resource predictions. The work in this chapter is published in conference

paper [C-1]

Chapter 5 delves into the impact of SAC to fair resource allocation through the utilization

of an auctioning game. It outlines the anticipated enhancements in market performance

compared to random and greedy approaches. The results in this chapter are partly published

in conference [C-2]

Chapter 6 investigates slice admission control as an enabler to network resilience by

leveraging a novel approach known as sequential twin actor-critic (STAC) a subset of deep

deterministic policy gradient method. The results in this chapter are published partly in

[C-3] and [J-2]

Chapter 7 concludes the investigation and provides a summary of the thesis with highlights

in results and contribution. Suggested future work are also highlighted in this chapter.
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The appendices provides extra investigations not included in the main chapters alongside

extended results puplished in [C-4].
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Chapter 2

Background

This chapter focuses on the background study of slice admission control optimization

techniques, their limitation and complexity analysis. Brief introduction to reinforcement

learning is provide in section 2.1.2.11. Finally , Section 2.1.3 concludes the chapter.

2.1 5G Network Slicing and Admission Control

The field of information and communication technology is currently undergoing a significant

technological revolution, driven by the growing demands for broadband Internet, massive

connectivity, and the Internet of Things (IoT). As these demands continue to increase at a

rapid pace, there is need to evolve towards the next level of mature technology.

This evolution involves the development of intelligent networks that can deliver tailored

services to meet specific user demands in a faster and more efficient manner[17]. The adoption

of network slicing enables the fulfillment of diverse use and application requirements by

facilitating the delivery of tailored network slices. In the context of 5G networks, network

slicing allows for the partitioning of key subsystems, namely the Radio Access Network

(RAN), the Transport Network (TN), and the Cloud Network (CN). This capability is

referred to as end-to-end (E2E) slicing.

E2E slicing provides the ability to create virtualized and independent network instances

that are customized to meet the specific needs of different use cases and applications. Each

network slice is designed to provide dedicated resources and functionalities, including RAN,
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TN, and CN components. With E2E slicing, the RAN slice focuses on managing and

optimizing radio resources to meet the specific requirements of different applications and

services. The TN slice ensures efficient and reliable transport of data between network

elements, while the CN slice provides cloud-based resources and services for processing and

storage. Figure 2.1 illustrates an E2E network slicing scenario.

Ultra Reliable Low Latency (uRLLC)

Enhanced Mobile Broadband (eMBB)

Massive Machine Type Communication (mMTC)

Autonomous Drones

High Definition Multimedia

Massive Industrial Sensors

RAN EDGE
Cloud

Transport Network Core CloudTerminals

End-to-End
Slicing

RAN
Slicing

Cloud
Slicing

Core
Slicing

RAN Air-
Interface

Figure 2.1: E2E 5G network slicing

In practice, the physical substrate of the 5G ecosystem consists of three main components:

the access network, the transport network, and the device network.

The access network serves as the entry point to the 5G ecosystem, where radio resources

are allocated to establish connectivity between a User Equipment (UE) and the network.

This is achieved through the air interface, utilizing a radio resource management system.

Within the access network, Radio Resource Blocks (RRBs) play a crucial role by providing

defined radio bands that can be measured and allocated for orchestrating network slices.

It is essential to optimize the allocation of these RRBs to ensure efficient communication

within the network.
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The transport network acts as the interconnection between data centers, facilitating the

most optimal route selection for carrying massive data streams. This network is responsible

for ensuring reliable and efficient data transfer while considering the constraints of resource

availability. Optimizing the transport network enables the seamless flow of data between

different network elements, improving overall system performance.

The device network encompasses User Equipment (UE) devices that are 5G-enabled. These

devices can establish connections with each other using a Device-to-Device (D2D) criterion.

This capability allows for direct communication between devices, bypassing the need for

routing through the network infrastructure. D2D communication can enhance the efficiency

and speed of data exchange between devices in proximity, enabling various applications and

services.

The deployment of E2E resources require optimum resource selection to achieve maximiza-

tion of revenue[11]. The resource units in each domain can be defined as an integer or non-

integer quantity thereby presenting a mixed integer optimization problem. The challenge

here involves finding the optimal resource allocation in all the domains considering specific

requirements and constraints of the network slice. If the optimization problem can be

defined as a mixed integer nonlinear problem, it is only feasible to identify an appropriate

mathematical solution to maximize the objective.
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2.1.1 General slicing model as a mixed-integer non-linear pro-

gramming problem (MINLP).

Firstly, let us consider the following optimization problem.

max f(xi, xj.xk) (2.1)

for

xi, xk, xj ∈ x for i ̸= j ̸= k (2.2)

Where x is the set of all possible decision variables required to optimize f(xi, xj, xk), i, j, k are

unique subset of variables. The function f(xi, xj, xk), has coefficients βi, βj, βk summing to 1

representing the trade off among resource allocation balancing and objective maximization.

The variables xi ⊆ Wn1
1 , xj ⊆ Wn2

2 and xk ⊆ Wn3
m are distinct elements which represent

scalable quantities of network resources applicable in a slice construction and are algebraic

composing sums and products of multivariate functions[18]. The entire space encompases

the union of all variables given by Wn1
1 ∪Wn2

2 ∪Wn3
m . The space containing the decision

variables is defined as xi as the subset of continuous decision variables, xj contains the hard

constrained integer variables while xk is the subset comprising the binary variables. The

optimality of the objective function in 2.1 is dependent on a combination of constrained
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linear and non-linear functions, most of which are given by:

f(x1, x2, ..xi) ≤ b1

f(x1, x2, ..xj) ≤ b2

.

.

.

f(x1, x2, ..xk) ≤ bm

x ∈Wn1
1 ×Wn2

2 ×Wn3
m

(2.3)

Notably the variable x is said to belong to a multidimensional state space given by Wn1
1 ×

Wn2
2 ×Wn3

3 . The function f(xi, xj, xk) can be rewritten in a more restricted formed as[19].

max f(xi, xj, xk) (2.4)

s.t

Ax ≤ b (2.5)

where A and b form a rational matrix of m× n dimension and x is a n dimension rational

vector respectively.

The constraint Ax ≤ b is fundamental because it defines the feasible region for the integer

programming problem. It restricts the candidate solutions to those integer vectors that
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satisfy the linear equations, thereby ensuring that the set of feasible solutions have well-

defined structure. This structure allows us to take the convex hull, x ∈Wn : Ax ≤ b,

which is crucial for developing and solving the optimization algorithms. The polyhedral

nature of this set enables the use of edge-directions and other combinatorial properties that

underpin the strongly polynomial oracle-time.

Moreover, enforcing Ax ≤ b ensures that the algorithm respects the problem’s inherent

linear constraints, which often represent balance or conservation laws in practical applications

like resource allocation or network flow.

The function can still be considered as NP-hard, this makes it much harder and complex

to solve. Moreover, unless the complexity of the problem of class P equals to NP which is

still unlikely, we can not estimate an approximate polynomial time to solve this problem.

This implies that finding an efficient computational algorithm to solve this problem is highly

challenging. Notably, if the dimension of the continuous polynomial is fixed to just n1 then it

can be solved in polynomial time, however, the complexity of solving this problem increases

to hard immediately another integer is added[20].

The complexity of solving f(xi, xj, xk) requires the maximizing of polynomial of degree n1+

n2 + n3 covering a lattice points of a concave polygon[21][22]. There cannot exist a general

algorithm that can solve this problem even when the number of integer variables are reduced

to a small number as the problem become worse than NP-hardness[23][24].

More precisely, a slice objective is dependent on actual network constraints in the RAN

enabled by cloud RAN (C-RAN), while TN, and CN complete the E2E architecture.

Typically to slice the C-RAN, the main slicable resources such as remote radio heads
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(RRH), fronthaul links and base band units (BBUs) are considered. On other hand, the

TN optimal path selection is a more complex procedure and virtualizing it means traversing

VNFs through service function chain (SFC) in a netwrok function virtualization environment

in order to achieve for optimal function placement[25]. The CN slicing is more elastic and

involves resources that can be modeled by relaxable constraints in a mixed integer problem.

Data centers in the CN can provide cache, central processing units (CPU) and network

resources to maintain a slice .

The elasticity or inelasticity of a network resource matches the set of hard integer and soft

integer variables in a MINLP.

2.1.2 Specific slicing model as a mixed-integer non-linear pro-

gramming and complexity analysis of optimization ap-

proaches

The slicing model for E2E network resource allocation is based on a non liner estimation

given by;

P(x) = f1(x1) + f2(x2) + f3(x3) (2.6)

where P is the aggregated revenue estimation, f1(x1) and f2(x2) represent non-linear

functions of the objective function and f 3(x3) denotes the linear function. Each component

of the objective function represents resource revenue model in each domain, in this case there

are three domains namely C-RAN, TN and CN. These functions represent non-linearity in
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resource allocation optimization but do not translate into proportional changes in revenue.

Further, they represents the system variables x1 and x2 represent continuous resources in

C-RAN and TN which are generally hard to slice while x3 is a set of discrete cloud resources

represent the units allocated to complete a slice setup. The aim is to maximize P(x) under

constrained environment as:

max[c.P(x)] (2.7)

s.t

f1(x1) ≤ η1,

f2(x2) ≤ η2,

f3(x3) ≤ η3,

(2.8)

The variable c ∈ [0, 1] represents a binary decision indicating slice admission status where

a 0 implies no slice admission and 1 otherwise. It is expected that the objective P(x) is

non-convex if any of the functions f1(x1), f2(x2), f3(x3) are also non-convex. The constraints

function upper bounds are denoted by η1, η2 and η3. Each of the function defines resource

limitation in each domain. The functions are non-linear because revenue obtained when

network resources are allocated or sliced are not linearly proportional to the revenue

obtain. For instance, when resources are inelastic and on high demand revenue acquired

is logarithmic[1]. This revenue model is typical with uRLLC and mMTC slice types.
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Generally speaking in single resource domain, resources quantities consisting of continuous

and discrete elements differentiable to the second order and Riemann summable exist in hull

W providing the condition for convexity defined as[26]

conv(X) := {x : xβxk + (1− β)xk−1,∀0 ≤ β ≤ 1,∀xk−1, xk ∈W} (2.9)

the state variable x belongs to the set Wn1 where x is bounded as xmin ≤ x ≤ xmax and

xmin ∈Wn1 and xmax ∈Wn1 . The convexity of X within [xmin, xmax] is hypercube. However

this does not make it easy to solve conv(X). Although the convexity of X can help in solving

mixed integer linear program (MILP) by obtaining the convexity of the linear program (LP).

This is still not feasible in solving MINLP. Therefore a more concrete solution to the a non-

convex MINLP has to be found. Stating the slicing objective once again as

maxP(x) = f1(x1) + f2(x2) + f3(x3) (2.10)

The functions f1(x1) and f2(x3) are also non-convex indicating that there is no global

maximum or minimum while f3(x2) is not guaranteed to be summable over the minimum and

maximum resource limits. This implies that the optimization problem 2.10 is still NP-hard

under the conditions already provided.

To obtain an optimal solution for P , a stricter and more viable approach is required. Many

authors have attempted to solve an MINLP problem employing several techniques. One

of the most popular technique is the branch and bound method developed by Land et al

[27], successive convex approximation, heuristic approach and machine learning models. We
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proceed to discuss these approaches and presenting limitation and issues concerning these

schemes which later motivate our interest in machine learning approach for solving such a

problem.

2.1.2.1 Brach and Bound (BB) approach to solving MINLP

The BB method of solving MINLP relies on two main conditions namely: 1) If the continuous

variables are convex then the global solution can be found without relaxing the discrete

variables. 2) If the continuous variables are non-convex then the discrete variables must be

relaxed in order to find all the global solutions.

Assuming the continuous variables are non-convex then the first step results from relaxing

the discrete variables . This becomes the optimal solution if the relaxed variables yields an

integral solution and the operation is stopped. On the other hand, the relaxed variables

will represent the lower bound and iteration continues for each tree node which becomes

a sub-problem of the master problem. The upper bound is the set if any integer solution

is obtained. Any node that exist beyond the upper bound is pruned while the search is

conducted until entire tree is known[28]. Limitations with BB method is that the tree can

grow extremely large further the sub-problems created can also be non-linear which are hard

to solve. Consider a convex MINLP problem with variable set upper bounded at Wupper =∞
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containing and a heap-wise empty set G = ∅ given by :

maxP = [DTx1 + f(x2) + f(x3)]

s.t

Ax1 +Bx2 + Cx3 ≥ 0

x2 ∈ X = {x2|x2 ∈ Rn2 , xlower2 ≤ x2 ≤ xupper2 , } (MINLP)

x3 ∈ X = {x3|x3 ∈ Rn3 , xlower3 ≤ x3 ≤ xupper3 , } (MINLP)

x1 ∈ X = x1|x1 ∈ {0, 1}

(2.11)

The set containing x2 and x3 can be continually relaxed within {xlower2 , xupper2 } and {xlower3 , xupper3 }.

The solution to the above problem proceeds as follows. Considering a tolerance ϵ > 0. We

add the extreme bounds MINLP{−∞,∞} of the MINLP to the heap G such that G ∪

MINLP{−∞,∞}. The next step is to remove the bounded functionMINLP (lower, upper)

from the heap by {G = G−MINLP (lower, upper)}, this means that the heap G is nolonger

an open problem. The MINLP (lower, upper) is then solved and the solution becomes

xlower,upper2 or xlower,upper3 assuming the double MINLPs problems are solved simultaneously.

If the solution does not satisfy all the constraints then that node is pruned. Otherwise if the

functions f(xlower,upper2 ) and f(xlower,upper3 ) are outside Wu then that node consists of mostly

upper bounds and is not feasible therefore is pruned. If the solutions xlower,upperk is an integer

then the current best solution in W is f(xlower,upper) and x
′
= xlower,upper. Further, a non

integral solution requires branching by introducing two new MINLP bounded child nodes

one to the left and the other to the right. The two problems are then stored in the heap G.
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The complexity of solving the slicing problem in Eq. 2.10 is much higher than the modified

problem in Eq. 2.11. With a convex problem having integral solutions it is possible to

have a fairly less mathematical complexity. However, in slicing environment where many

of the optimal resource allocation models in a domain are non-convex and non-integral, the

complexity of solving such problems using BB is in the order O(eι) where ι can be very large,

denoting the number of sub-problems which could still be complex to solve.

2.1.2.2 Implementation Outline for 5G Slice Admission Control using Branch-

and-Bound

In the SAC strategy, a BB approach is implemented as follows: First, the number of

applicable slice requests within a slicing domain is defined, along with the target objective for

each slice. Each slice request is then mapped to a corresponding set of bandwidth, compute,

and latency requirements.

The general outcome of slice admission control is to either admit or reject a slice request,

which is represented as the decision variable. The objective function is then defined as the

reward obtained from admitting a slice, multiplied by the decision variable. Additionally,

resource constraints are established to ensure that the total admitted slice blocks do not

exceed the available inelastic resources.

The BB method begins by initializing a priority queue and setting the initial lower bound

using a greedy heuristic, which is executed in two steps. First, slices are sorted based on their

reward-to-resource ratio. Second, slices are selected sequentially until the available resources

are exhausted. Finally, the obtained solution is stored as the lower bound. The upper
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bound is determined by solving a relaxed version of the problem, which involves a linear

programming (LP) relaxation where the decision variable can take fractional values. A slice

branch is then selected, prioritizing the one with the highest reward-to-revenue ratio. The

two SAC decisions—slice admission and slice rejection—are then implemented as branches,

with the constraints updated accordingly. The LP is solved to compute the upper bound

for the new node. If the upper bound is worse than the feasible solution then the branch is

pruned and if the decisions are integer, the feasible solution is updated.

Constraint-based pruning is applied to discard branches that violate resource constraints.

Finally, the branch implementation strategy, bound computation, and pruning process are

repeated until no branches remain in the queue. The feasible SAC solution obtained at the

end is considered the optimal solution.[29][9],[30][31]

2.1.2.3 Successive Convex Approximation (SCA) and MINLP slicing problem

The N-P hardness of an MINLP problem requires a feasible solution to obtain an optimal

resource allocation model. SCA approach can assist in solving such problems. This scheme

requires an iterative adjustment of objective function P (x) 2.12 with x as the resource

allocation vectors under strict convex constraint [10][32]

maxP(x) ≜ f(x1) + f(x2) + ...+ f(xk)

s.t

P (x+ 1 ) ≜ f (x1 + 1 ) + f (x2 + 1 ) + ...+ f(xk+1) ≥ 0 ∀ x

(2.12)
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The function set containing f(x1), f(x2), ...f(xk) consists of both linear and non-linear

functions. They represent resource allocation models that are both differentiable and

integrable. The aim is to find an optimal solution that maximizes profit P . This is obtained

by iteratively reducing the loss function xk ← xk −∆xk. Initially the feasible point is set at

xk = 0 and step size ∆ ∈ (0, 1) and a loop counter m = 0. While the optimal solution of

P (x) is not reached, set xmk as the solution. Find {max f (xk, x
m
k )} then check if

P (xk+1 ) ≜
∑
k∈K

f(xk+1 ) ≥ 0 ∀ xk (2.13)

then the iteration index m←m+ 1 is adjusted and then the loss function is updated as

xm+1
k ← xmk −∆xk (2.14)

the iteration is repeatedly performed until an optimal solution is reached. SCA can be

improved when semidefinite relaxation[10] is performed, this is useful in SAC where the

is need to solve a multi-stage problem. SCA requires convexing a non-convex problem by

choosing the most suitable step size ∆. Generally speaking, slice models can be highly

non-convex meaning applying SCA would require very many small steps during linearization

of the non-convex function. The complexity of solving MINLP using SCA is controlled by

the number or iterations performed before global convergence is reached, this is inversely

proportional to the step size ∆. The rate of convergence is in the order O( 1
m
). However

despite promising performance of MINLP, any model modification would required the entire
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process being repeated for another optimal solution. This inhibits the efficiency of obtaining

a more optimal revenue model in the expected dynamic 5G resource allocation.

2.1.2.4 Implementation Outline for 5G Slice Admission Control Using Succes-

sive Convex Approximation (SCA)

This section outlines the implementation of SCA in solving the SAC problem. The initial

variables required for SAC implementation with SCA include decision variables—typically

representing slice admission or rejection—along with allocated spectral resources, compute

resources, and the latency budget. The objective function is formulated as a non-convex

function to maximize utility based on the decision variable, spectral resources, compute

resources, and latency budget.

Resource constraints are formulated to prevent the over-provisioning of network resources.

Since the decision variable is binary, the problem becomes a MINLP problem. To simplify

this, the binary variable is relaxed into a continuous variable between zero and one. A

logarithmic approximation is used to convexify the non-convex functions, while latency

and bandwidth constraints are approximated using a modified version of the Taylor series

expansion. Finally, the resource constraints are transformed into convex quadratic forms.

The iteration process for solving the SCA begins by initializing the iteration index, all

variables, and the stopping criteria. The solution process then take the following steps:

First, the non-convex constraints are linearized, and the original constraints are replaced with

tighter convex approximations. A convex solver is then applied to solve the resulting convex
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optimization problem. The variables are updated in a stepwise format, and convergence is

checked before the process is repeated.

2.1.2.5 Alternating Direction Method of Multipliers(ADMM) for solving an

MINLP slicing problem

The complexity of resource allocation in multi-domain environment 5G communication

system requires that the resource allocation optimization problem be decomposed and

distributed, ADMM is a known solution suited to tackle such problems [33]. Further,

ADMM is also highly adaptive especially when dealing with large scale problems. A variant

of ADMM known as alternating direction dual decomposing (ADDD) improves stability

and convergence, this is particularly vital in when performing VNF admission and function

chain embedding (FCE) [34]. Recalling the slice revenue optimization MINLP problem and

adopting a simplified version of it we have

maxP (x) = f(x1) + f(x2) + f(x3)

s.t

Ax1 +Bx2 + Cx3 = z

(2.15)

In this case x1, x2 and x3 still represent the resource types while A,B and C denote

coefficients that determine how these resources are used to maximize the objective, z is the

maximum limit for x1, x2 and x3. Solving this problem requires a loss function formulated
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as Lagrangian approximation given by

L (x1, x2, x3) = f (x1 ) + f (x2 ) + xT3 (Ax1 +Bx2 + Cx3 − z ) (2.16)

The next step is to iterative dual update for x1, x2 over unit time m such that;

x1 (m+ 1 )← argmaxL (x1, x2, x3 )

x2 (m+ 1 )← argmaxL (x1, x2, x3 )

(2.17)

then update

x3 (m+ 1 )← x3 +∆m(
∑
m∈M

Axm+1
2 +Bxm+1

3 − z) (2.18)

The complexity of ADMM lies on the dual update process, hence for the gradient accent

in Eq. 2.18 converges at the order O 1
(m2)

see e.g[35]. The stepwise adjustment of the

gradient ascent optimization can achieve optimal solution when the objective function is

assumed convex, otherwise the complexity rises with non-convex problems associated with

inter-domain slice admission control. Recent development in dynamic RL techniques have

proven critical in solving problems with no guaranteed optimality and where conventional

techniques rely on convexity and system parameter relaxation to achieve near optimality.
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2.1.2.6 Implementation Outline for 5G Slice Admission Control Using Alter-

nating Direction Method of Multipliers (ADMM)

The ADMMmethod closely aligns with the SCA approach in defining network slicing decision

variables, the objective function, and constraints. The ADMM reformulation follows a three-

stage process: first, the slice admission control decision variable is relaxed; second, the

problem is decomposed into sub-problems; and finally, Lagrangian multipliers are introduced

to enforce the constraints. The remaining process involves an iterative procedure where

variables are first initialized. Then, the decision variable is updated locally for each slice,

followed by the update of dual variables using Lagrangian multipliers. Finally, the problem

is checked for convergence, and the process is repeated if necessary[2][36][37][33].

2.1.2.7 Heuristic Approach in Network Slicing

Slice admission control for more flexible slices such as eMBB may not require strict system

constraint and therefore is more elastic. In such conditions heuristic approach is considered

as a technique for resource allocation. The technique strives to achieve a best effort policy

for allocating resources without considering absolute accuracy. It is computationally faster

but less intensive. Many researchers have applied this method in slice admission control

see e.g [38] and [39] even when the problem has characteristics of NP-hardness. A priority

based heuristic resource allocation can align each slice to its quality of experience (QoE)

index. Instead of solving Eq. 2.7 each resource value is allocated a Boltzmann distribution

normalized priority index p for each slice category s ∈ S. In a total slice pool denoted

by sk for k = [1, 2..K], a probability distribution psk = esk∑
k∈K esk

is assigned to a resource
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pool. Compare the priority to a threshold γ, such that any value psk ≥ γ is admitted or else

rejected. It is clear that the resource allocation will not be optimal, however the solution will

be obtained much faster with less computational requirement. The complexity of a heuristic

approach depends on the search steps. For any search requiring J steps in a single loop in

n loops, the complexity of a such algorithm will be in the order O(nJ) and a time duration

of (t = τJ + σ) where, τ and σ are the unit time required to execute a code-line, and time

variance respectively.

2.1.2.8 Implementation Outline for 5G Slice Admission Control Using Heuristic

Approach

The greedy heuristic approach presented in this thesis aims to maximize utility after each

slice admission while considering a constrained resource pool that includes spectral, compute,

and latency requirements. A score is calculated as the ratio of the utility obtained to the

total resource consumption. Slices are then sorted in descending order based on this score

and admitted greedily until the resource pool is exhausted[40][41][42].

2.1.2.9 Genetic Algorithm (GA) for network slicing

GA is an optimization scheme which relies on natural selection of evolution which can

be used to obtain a solution which optimally selects a set of resources for network slice

orchestration[9]. The random sample selection is assigned to the initial population which is

eventually evaluated for its fitness. The optimization process in GA generally involves three

main steps.
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1. Reproduction stage: This is where policies are copied in a new set. The best performing

policy is allocated higher priority and arranged to the top while the worst performing

policy is arranged to the bottom. In network slicing revenue optimization, resource

selection strategy that generates more revenue is considered as the fittest policy and

is allocated a higher priority[1].

2. Crossover stage: In this stage, the reproduced policies are paired in a random manner,

new policy is the ”child” which is considered to be more superior than the parents by

virtue of inheriting ”genes” from both the parents[1].

3. Mutation stage: The process involves multiple rounds of bit inversions with the purpose

of generating genetic variation from the original policy. It is important to keep the

mutation probability low to avoid a purely random search. In the context of slice

admission control, the mutation process aims to create an improved policy for selecting

the best requests[1].

In this context, consider a random population given by x(n) = {x(1), x(2), ..x(N)}, a candidate

in the population can be selected by a probability p. The candidate is considered to have

a binary string b of length l. A solution of the objective can fall among any binary set bi∈I

[43]. Based on a Boltzmann distribution, each candidate probability of selection falls within

p(n) =
e
x(n)∑N

n=1 e
x(n) . The crossover state follows a binary process with probability pco = [0, 1].

In the mutation stage any nth candidate can mutate with a probability pq. For instance if

a candidate has a binary string b = 001000 and another b̄ = 110111 of length j then by

mutation
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pq · pq · (1− pq) · pq · pq · pq = pj(1− pq)l−j (2.19)

.

For a non superior ”child”, the parents must be have had similar genes. Then the probability

that the parents with b and b̄ are the same is given by

P (b→ b̄) = pH(b,b̄)
q (1− pq)l−H(b,b̄) (2.20)

Where H(b, b̄) is the Hamming distance between b and b̄[43]. The adoption of GA in

network slicing may suffer the following limitations i) evaluating a policy repeatedly ii) lack

of scalability, ii) inefficient decision making for binary options and iv) sub-optimal settling.

In the context of complexity, if a slice s has N resource features to complete for full

orchestration, also assuming each individual feature can be mapped into a binary control

condition indication feature allocation or not, then the entire service construction is in the

order O(2sN). The complexity to convergence can further worsen if there areM reproduction

stages and K iterations in the crossover stage. Hence the complexity to convergence becomes

O(2s×N ×M ×K)[7] [43][44].

2.1.2.10 Implementation Outline for 5G Slice Admission Control Using Genetic

Algorithm

The methodology for slice resource initialization remains consistent across all the discussed

approaches. The following section outlines the steps for using GA to solve the SAC problem.
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Initially, a finite binary vector is created to represent slice admission (1) or rejection (0).

The values in this vector can be randomly assigned but must remain within the limits of

available resources and network constraints. A fitness function is then generated. The

process begins with a selection procedure to identify the fittest slices for admission, followed

by a crossover operation to combine solutions. Next, a mutation process is applied to explore

new slice configurations. Constraint handling is achieved through penalty methods, which

reduce fitness for constraint violations, and a repair method that adjusts values to ensure

constraints are met. Finally, a stopping criterion is applied, terminating the process when

the maximum number of generations is reached or when no further improvement in fitness

is observed[45][29].

2.1.2.11 Reinforcement Learning Approach

The adoption of machine learning approaches to resource management in 5G communication

system is currently on the upward trend and many literature have been published on this area

see e.g [46],[47],[48],[49],[11],[50],[12],[51],[52],[53]. Machine learning, particularly RL which

is the focus of this research provides a robust methodology for solving complex problems in

a manner that mimics human behavior. RL provides superior performance in control and

has been applicable in robotics and gaming[54].

The benefit of using RL methods lies in their ability to eliminate the necessity of constructing

a system model. A general presentation of RL method is provide in Fig. 2.2

RL works by interacting with an environment. All the essential information required for

an agent to facilitate learning is encompassed within the environment. This information
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Figure 2.2: An Illustration of Reinforcement Learning

predominantly comprises system states, rewards, and available actions. A learning agent

visits the environment and based on the system state, an action is taken. This action is

valued by a reward. A good action attracts more reward while a bad is less rewarded.

Precisely the main elements of the environment are defined as follows.

• State: A state is a mathematical scalar, vector or a closed function that represent a

unique condition of a system. An agent improves its behavior by making sure similar

states attracts same or improved responses.

• Action: An action is the agent response to a particular state. In a physical environment,

action can be actual movement on an object. However, in an emulator an action, is

represented by an index. With experience, an agent learns to take the best action in a

particular state.

• Reward: A reward is a scalar quantity chosen or computed based on the action taken.

Similar actions must attract similar rewards otherwise, the reward function or selection

policy is deemed to be poorly constructed. A mathematical formulation is usually
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constructed to map a reward to its temporal characteristic. Meaning that the current

reward may not be equal to a future reward even when the same action is taken.

The goal in RL is to maximum the long term reward. The set of probabilities that map

states action pairs leading to reward maximization is known as a policy. In a model based

learning, these probabilities are well known in advance usually constructed using Markov

Decision Process (MDP), conversely a model free environment does not require any complete

knowledge of the mapping between state-action pairs. In this case, the policy is typically

learned dynamically as the agent interacts with the environment, adapting and improving

over time.

The complexity of employing RL is solving revenue optimization in a constrained network

slicing ecosystem depends on the size and complexity of the environment. In this regard an

environment will constitute the training data-set which can be historical or dynamically

generated, model constraints, the set of actions and the reward function. One of the

simpler form of RL solutions is the Q-learning approach. Consider a state matrix S|U×V|

the constructed experience table known as the Q-table will be in the order O(U ×V × Z)

where Z is the set actions. The size of the Q-table can grow extremely as the environment

becomes more complex usually known as the curse of dimensionality.

2.1.2.12 Reinforcement Learning Justification

The adoption of RL in this study has been well interrogated and justified in our publication

in [1]. Further, we can draw a summary of justifications as follows. First, in terms of

adaptability, RL learns optimal policies by interacting with an environment enabling it to
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learn the dynamic conditions and gain experience [16]. In contrast, the heuristic approach

requires manual tuning, while the GA, which employs an evolutionary strategy may also

require manual tuning to adapt to new states. Further, both ADMM and SCA heavily rely

on the convexity of the problem which limits their adaptability[10].

Second, to achieve non-biased target selection, a SAC solution must generalize learned

policies across the dynamic and non-similar environments enabling it to accurately respond to

never-seen-before states. Both ADMM and SCA are designed for specific problem structures,

a property that hinders their ability to generalize responses. The heuristic approach does

not have any ability to generalize solutions. The GA may often demand more computational

capability and tailored design to work well in heterogeneous environments[36][55][38][56][7].

Third, RL naturally balances the exploration of new actions with the exploitation of known

strategies to maximize long-term rewards on the path to optimal solutions. In contrast,

heuristics, GA, ADMM, and SCA primarily emphasize exploitation. They face challenges

such as inefficient utilization of high-quality solutions, reliance on a fixed update scheme,

and the absence of an explicit exploration mechanism[55][57][57][58].

Fourth, although RL techniques can be computationally expensive, they scale effectively

with deep learning and can efficiently handle non-convex and high-dimensional problems.

Additionally, RL approaches are easily automated, with convergence largely dependent on

the specific algorithm and hyper-parameters. Finally, RL is highly suitable for real-time and

online learning[12, 49, 50, 59–65].
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Clearly, RL provides the agility and flexibly required to solve a dynamic system state in

heterogeneous network is discussed in this chapter. Section 1.5 has provided the research

questions of which bullet two is answered this Chapter.

2.1.3 Chapter Summary

In this chapter, slice admission control has been presented as an optimization problem. A

comprehensive analysis has been conducted to highlight the feasibility of each optimization

scheme in solving slice admission control. The motivation for employing machine learning

lies in its ability to provide generalization during the search and selection of state entities,

enhancing decision-making and adaptability in dynamic network environments.

39



Chapter 3

Reinforcement Learning for Slice Ad-

mission Control

Reinforcement learning is a machine learning technique designed to mimic human learning,

an agent which interacts with an environment (states) makes decisions (actions) with main

objective of maximizing returns (rewards)[12]. RL is different from other forms of learning in

that, the is no need to have a pre-existing data-set for training. This improves automation in

a highly dynamic environment[56]. Further, Keonig et al in [66] have categorically inserted

that, RL are highly tractable without any need for augmentation confirming the assertion

in Chapter 2 about the run-time being small polynomial in state space. This of course

is highly suitable in SAC online learning. Despite numerous research efforts employing

other forms of machine learning, system performance has not been entirely decoupled from

dependence on specific datasets. In contrast, RL’s minimal reliance on specific datasets

makes it well-suited for SAC environments. [67]. In 5G resource management, on-demand

adjustments are crucial. For example, radio resource slicing requires that, despite its inelastic

nature, slice requests be evaluated based on long-term benefits. Consequently, decisions must

be made instantly based on the observed state, without relying on complex mathematical

extrapolation.
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3.0.1 State Space

In many slice admission control problems, a state space S comprises all the information

required to make a decision [68]. Specifically, consider slice type k = [1, 2, 3, · · ·K] with rk,

ωk and δk being radio,computing, and storage resource blocks required per slice[69]. The

state space S is therefore defined by a K ×N matrix given by Eq 3.1.

S ≜



r1,1 ω1,2 δ1,3

r2,1 ω2,2 δ2, 3

· · ·

rk,1 ωk, 2 δk, n

· · ·

· · ·

rK,1 ωK,2 δK,N



(3.1)

where n is the number of resource blocks required per slice. The learning agent iterates

through the entire state space and during each iteration a decision is made at the decision

epoch. A decision epoch is the duration between when a slice request is encountered and

the time a new request is read.

3.0.2 Action Space

Typically in slice admission control there are mainly two actions in the action space namely:

slice request accept or reject denoted by A = [0, 1] where a 1 implies slice request accept
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and 0 otherwise. Other actions may include slice upgrade or downgrade and slice release.

In an RL based slice admission control, for any given state an action associated to a state

s ∈ S is reinforced by a positive reward value r. An optimal policy π∗ will always return the

highest reward for every action taken.

3.0.3 State Transition

State transition is a method by which an agent determines the next state. In slice admission

control, considering the metrics that influence the decision of admitting or rejecting a slice

request. Such metrics may include the spectral resource, optical resources , computing

resources number of served users, the coverage area and slice duration [15]. To derive an

optimal path, an RL agent choice actions are dependent on the state transition which can

be classified as either Markovian or Semi-Markovian[70]

3.0.3.1 Markov Decision Process (MDP)

If a slice admission control problem can be formulated as a Markov decision process (MDP)

then it can be solved using RL. An MDP follows a tuple given by M = (S,A,P,R) where

S denotes the state space, A denotes the action space P is the finite transition probability

and R is a reward function which is maximized during learning[62]. The RL agent observes

these unique metrics as states (S), takes an action (A), moves to the next state (S’) with a

probability of transition (P) and then observes reward (R)[56]. A policy π is evaluated as a

mapping between states and a probability distributions over actions such that:π → P(A =

a|s). This policy influences both state-action selection and reward retrieval which leads to
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long-term return given by R =
∑K

k=0 γ
krk+1, moreover, the aim is to determine an optimal

policy π∗ that always leads to maximum return every time an action is taken[54]. γ ∈ {0, 1}

is a discount factor which reduces the significance of far off returns of each discrete step k .

Considering a finite state space where at any time instant the agent must be in one of the

states. The agent must decide the next state S’. The transition to the next state S’ = Sk+1

is by a probability P = Pr(S’ = Sk+1|Sk, Ak), the set of all probabilities at a time instant

that influences the choice of the next state is given by
∑

S′∈S P(S’|S,A) = 1,P(S’|S,A) ≥ 0

noting that the transition probability function depends only on the current state and action.

Let {y0, y1, y2 . . . yk . . . yK} be states in a Markov process of size K in a state space S. The

transition probability from state k to state k + 1 is given by Eq 3.2

(P )sk,sk+1
= psk,sk+1

= P(y1 = sk+1|y0 = sk) (3.2)

Proof: For the two-state transition provided in 3.2 let us state the following:.

P(y0 → y0) = ε

P(y0 → y1) = 1− ε

P(y1 → y0) = ε

P(y1 → y1) = 1− ε

(3.3)
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Since it holds, the sum of all transition probabilities must be equal to 1. We have;

P(y0 → y0) + P(y0 → y1) = ε+ (1− ε) = 1

and

P(y1 → y0) + P(y1 → y1 = (1− ε) + ε = 1

(3.4)

end of proof. For a k step transition, the probability distribution is given by;

P (yk|y0) = P k (3.5)

Proof:

Let us consider the distribution probability of a single state y0. The transition from y0 to y1

has K probability option given by an K × 1 matrix denoted by;

β0 =



β1

β2

·

·

βk

·

·

βK



=



P(y0 = 1)

P(y0 = 2)

·

·

P(y0 = k)

·

·

P(y0 = K)



(3.6)

It follows that;
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P(y1 = sk) =
K∑
k=1

P(y1 = sk+1|y0 = sk)P(y0 = sk)

=
K∑
k=1

psk,sk+1
βk

=
K∑
k=1

βkpsk,sk+1

= (βTP )

(3.7)

for any k step transition starting from the initial state y0 we have;

P(yk) = [β]TP k (3.8)

where βT is a row matrix obtained from β0.

The optimality equations incorporating transition probabilities are the key merits of

Markov decision problems. They are often referred to as functional equations or Bellman

equations [56][71]. They are given by

V ∗(s) = max
a

∑
S′∈S

P (S ′|S,A)[R + γV ∗(S ′)] (3.9)

or

Q∗(S,A) = max
a

∑
S′∈S

P (S ′|S,A)[R + γQ∗(S ′, A′)] (3.10)

where 3.9 is known as the state value equation and 3.10 is known as the action value equation.

By adopting MDP in optimal policy evaluation, a priori knowledge of the environment
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is necessary. Conversely, this is not always the case in slice admission control, where

states are dynamic and non-deterministic and, in numerous cases, may be partially or fully

unknown[72]. One way of solving this problem is by adopting a semi-Markov decision process.

We proceed by discussing this concept in the next section.

3.0.3.2 Semi-Markov Decision Process (SMDP)

Unlike model-based algorithms, where an agent tries to learn how the environment works and

provide a complete trajectory for optimal solution, in model-free algorithms, the agents do

not try to learn the environment but instead try to estimate the goodness of any state-action

pair in order to derive an optimal policy[46].

Many model-free algorithms often adopt a semi-Markov decision process to deal with the

uncertainty of the environment. Unlike MDP, an SMDP is represented by a five-tuple given

by M = (S,A, P,R,D) [70]. The new parameter D is a random value that represents how

long an agent remains in a state or how long an agent waits for a state to arrive. Intuitively,

both P,R,D are Markovian. Therefore, in order to obtain an optimal policy, the three

parameters (P,R and D) must be considered i.e P provides the trajectory towards an

optimal policy, R value that ensures the agent is always rightly reinforced for an action

taken after visiting a state, and D is the mean transition period from one state to another.

In slice admission control, slice requests are often discrete network parameters [69] whose

arrival rates are stochastic. The sojourn time of a slice in the network can be modeled

as a continuous distribution. From this concept it is therefore important to derive the
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semi-Markov process that will lead to optimal slice admission control. Recall that P is the

transition probability that must be derived.

Assuming that a state (s) arrival has a of mean µs, the probability distribution can be

modeled by the Poisson distribution given by

P (s;µs) =
e−µs(µs)

s

s!
(3.11)

the probability that a particular desired state will arrive in the next time interval ∆t is given

by

P{s(t+∆t)} = v ·∆t× P (s) + o(∆t) (3.12)

the probability more than one state will arrive in the same time interval is given by P{s(t+

∆t)} = o(∆t) and finally the probability that no states will arrive in the same time interval

is given by

P{s(t+∆t)} = 1− v ·∆t× P (s)− o(∆t) (3.13)

where µs = vt, for 1 > v > 0 and t is the time interval under consideration v is the occurrence

rate.

When a state arrives, it has a sojourn time in the queue. This duration is continuous and

can be modeled by exponential distribution in the format.

P (s) =
1

λ
e−s/λ, s > 0 (3.14)
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where λ is the mean rate. The probability that state will last additional time t in the queue

is independent of the fact that it had lasted time t previously. Hence each state’s sojourn

time does not affect how long it lasts in the queue. Since the probability of staying in the

queue for exactly t = t0 is equal to zero, we assume a time interval ∆t as duration within

which a state can stay in the queue. Therefore the probability that a state will stay in the

queue with the time duration ∆t is given by

P{s(∆t)} = 1

λt
e−s/λt (3.15)

3.0.4 Policy Evaluation

Policy evaluation involves determining the set of probabilities that map states to actions

in a trajectory which leads to maximizing the long term reward function, this can also be

called prediction problem[56]. There are two techniques of policy evaluation: on-policy and

off-policy.

3.0.4.1 On-policy

In the on-policy mode, the general assumptions is that the agent has a complete knowledge

of the environment. More explicitly, the on-policy method endeavors to improve a policy π

based on the mean returns from every value function evaluation in an episodic iteration[73].

An example of on-policy evaluation is the Monte-Carlo methods for solving RL.

In 5G network slice admission control, resources can be scheduled then orchestrated based

on instantaneous end to end resource blocks and the QoS requirements. Therefore, having
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a prior knowledge of the complete system is highly infeasible. In this case, an algorithm

employing in on-policy method will have to perform endless number of episodes to reach

near optimal solution. This is computationally expensive and not attainable.

An on-policy method relies on initial arbitrary policy πinit which is constructed on a soft

ϵ − greedy and the consequent set π = {} is evaluated in an episode such that π(a | s) =

1 − ϵ + ϵ
A(s)

for greedy actions and π(a | s) = ϵ
A(s)

for non greedy actions. Once π(a | s) is

completely evaluated, the ϵ− greedy shifts closer to non-stochastic optimal policy. Further,

inefficiency caused by sample collection during each iteration increases computation cost for

practical cases, however there have been attempts to improve stability in some on-policy

approaches such actor-critic , trust region policy optimization (TRPO) and proximal policy

optimization (PPO) by taking broadest variance and by replacing the hard constraints in

TRPO with penalties respectively [74].

3.0.4.2 Off-policy

Due to the massive temporal dynamics of 5G networks, resource management and slice

admission control require a general approach to solving the admission control problem. An

approach that is not deterministic but can still converge to an optimal or near-optimal

solution. Off-policy techniques can fit this requirement because they have additional concepts

that make them more powerful, albeit slow to convergence.

Off-policy algorithms do not require complete knowledge of the environment but only an

estimate of it. They work by employing what is known as importance sampling. Importance

sampling allows both the learned and target policies to be compared by estimating the
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probability distribution of the expected target policy from the behavioral policy and reducing

the variance between them so that, in the end, the importance sampling ratio becomes almost

equal to one. Assuming that the behavioral policy πbe have a distribution Pπbe and the target

policy πta has probability distribution Pπta for their trajectories, thus for an episodic event

starting from time t ending at T , has an importance sampling ratio given by [75]

µ : T =
T∏
t

πbePπbe(at | st)
πtaPπta(at | st)

(3.16)

All these trajectory probabilities are highly correlated and are obtained based on anonymous

MDP. For an optimal slice admission control the distributions cancels each other ending up

with the two policies which are independent of the MDP[56].

In general, off-policy techniques rely on experiences stored as data set in replay memory

to update a target policy from the behavioral policy and are known to have high sampling

efficiency and can tackle continuous state-action space and can also be made to perform

more exploration by adding entropy[54][76]. In our slice admission control setup, network

parameters to be considered are non deterministic and time constrained, thereby employing

off-policy RL optimization is the most appealing way of achieving near optimal or optimal

admission control. Some off-policy techniques include Q-learning and deep Q-learning

(DQL), deep deterministic policy gradient (DDPG) and off-policy actor-critic (Off-PAC)[74].
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3.0.5 Model Based verses Model Free Reinforcement Learning

In model-based learning, an agent first determines the environment model and then utilizes

this knowledge to address subsequent encounters, devising an appropriate policy. A classic

instance of model-based learning is the multi-armed bandit game. Conversely, in model-free

learning, the agent assesses the state and its corresponding optimal actions to formulate a

policy [73]. For instance, Q-learning exemplifies model-free learning, wherein the evaluation

process involves constructing an action value function termed the Q-value. Initially, the

agent explores the environment with a certain random probability but gradually transitions

to selecting actions with high average returns, adopting a more greedy approach. The agent

lacks the ability to predict the subsequent state except through the returns garnered from

actions.

3.1 From Q-learning to Function Approximation Mod-

els

3.1.1 Q-learning

Q-learning approach implies an RL technique where the learning process is model free and off-

policy. The learning process is based on value function update. A finite size two dimensional

table known as a Q-table representing all possible states and actions is employed to store

gradually updated action values[77]. An action a is initially chosen with an exponentially

decaying probability 1− ϵ, a reward r is observed which is used to update a value function
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known as a Q-value. To gain experience, an agent chooses other action with probability

ϵ and observes the corresponding reward. A Q-value in the Q-table is again updated in a

manner as.

Q(s,a)← Q(s,a) + α(R(s,a) + γmax
a′

Q(s’,a’)) (3.17)

where α and γ are the learning rate and discount factor respectively.

As the network complexity grows, so does the Q-table, leading to memory limitations and

slow convergence. This ”curse of dimensionality” restricts Q-learning to considering only a

subset of potential states, compromising its effectiveness in a highly dynamic scenario.

3.1.1.1 Complexity analysis of Q-learning

Slice admission control inherently involves evaluating a slice request alongside its value

function and assessing the potential impact on network constraints upon admission.

Employing Q-learning to determine the suitable set of slice requests within non-deterministic

network constraints necessitates a balance between exploration and exploitation within a

finite-size state space. A worst case scenario arises when, in each learning episode, the

agent encounters a novel state with tabula rasa. Additionally, owing to the rapid temporal

shifts in network dynamics, an online-based learning model seems most plausible. In this

approach, each state reflects the current network condition, and a slice request typically

leads to encountering a new state every time the state space is observed.

Considering a state space comprising N states, each state being unique and encountered

only once by the agent, implies that the state space could be considered infinite or, at the

very least, a subset of a Euclidean space, even if an episode concludes upon reaching the
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N th state. The complexity of reaching an optimal solution has an upper bound of O(N∞).

In this regard the agent will never gain any experience and the probability of exploiting any

event is zero. On the other hand, if a Q-learning is zero initialized and one-step invertible

then the complexity of reaching optimality is O(N2) with a worst case being O(N3)[78].

3.1.2 Function approximation

As previously highlighted, model-free algorithms, including techniques like Q-learning,

operate without prior knowledge of the environment. Nevertheless, Q-learning encounters

the curse of dimensionality when confronted with a larger state space, especially in attempts

to emulate a practical environment for network slicing.

Effectively assessing a realistic network environment characterized by a continuous state

space often necessitates the use of SMDP. Function approximation methods, leveraging

deep learning through artificial neural networks, offer a solution for addressing SMDP

by estimating either the value function of an event or its policy function. We illuminate

this process by conducting a complexity analysis of three function approximation methods,

ultimately determining the most suitable approach for resolving the suggested slice admission

control challenge.

3.1.3 Deep deterministic policy gradient

Deep deterministic policy gradient(DDPG) are methods of actor-critic deep reinforcement

learning where the policy update is deterministic[16] and are mainly used for solving

problems with continuous action spaces. Since DDPG evaluates a deterministic policy, initial
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exploration of a known environment may not yield a wide enough experience, in this regard

DDPG adds what is known as a mean-zero Gaussian noise to improve exploration. The

concept relies a finite size memory buffer for storing experiences. A mini-batch sample of

the experience is employed to train a policy network by gradient ascent while the Q-function

is updated by gradient descend.

Slice admission control at its simplest form is a binary decision problem, where a decision

has to be made by admitting or rejecting a slice request considering real-time network

constraints. However some literature have implied multiple decisions including resource

upward or downward resource adjustment, nonetheless the decisions are still discrete and

finite[2][17]. Employing DDPG to solve such non-differentiable problems adds unnecessary

complexity.

3.1.3.1 Complexity analysis of DDPG

Notably, policy gradient methods are designed to improve the policy by generating causal

vectors along the trajectory of the objective function. By evaluating learning samples over a

certain number of episodes, the aim is to reach an ϵ− optimal policy where ϵ is sufficiently

small. For some parameter vectors [Γ]|K×T | of the target policy approximator in DDPG,

the actor critic converges to the global optimum δk = rk + γJπ
∗ − Jπ ≤ ϵ having a sample

complexity of O(ϵ−3) without considering a bias[79]. Where rk is the sampled reward value

at state k = [1, 2..K] for a total for T time steps, Jπ
∗
is the function value of the actor under

optimal policy π∗ and Jπ is the value function of the critic under the natural policy π.
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3.1.4 Deep Q-learning

Deep Q-learning (DQL) was first proposed by Google’s DeepMind to play Atari games.

DQL and has been improved to play other games such as Connect 4 from Kaggle, and

Tetris. While there have been modified approach to DQL such as deep duelling Q-learning.

A critical survey by [16] argued that DQL rendered improved stability when used with many

inputs compared to other policy gradient methods.

DQL adopts both exploration and exploitation to improve a behavioral policy. The policy

network stores its experience in a finite buffer called replay memory, where a target network

estimates the next state by picking a random sample from the replay memory. The outputs

of both networks provide value functions that are non-correlated. By this, a loss function

L(θ) estimated through mean square error (MSE) is minimized. Generally, actor critic have

promising improvement is the field of deep reinforcement learning but they do not always

have improved performance compared to DQL[16, 62]

A DQL can be combined with convolution neural network (CNN) to improve learning where

highly dimensional data is adopted. An efficient slice admission control scheme must map

multidimensional data input to a unique objective defined by an InP. By considering DQL

with CNN, a slice request from multiple mobile network operators (MNOs) can be value-

approximated to reveal its uniqueness. A technique that is more intelligent and generic.

Whereas, classical DQL utilizes a single neural network requiring a second pass through the

network to calculate the Q-values, a double DQL is a more stable version which employs two

networks for both policy and target evaluation[69].
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3.1.4.1 DQL complexity analysis

On a common setup where a state space is considered to be a 2 dimensional tensor, we extend

the complexity analysis to prove that double DQL yields a reduced complexity performance

when compared with both Q-learning and DDPG methods. Further, as mentioned in[16]

there is no proof that any DDPG method offers better stability compared to double DQL

unless the action space is continuous.

Considering a square frame of width w and a kernel of size z employed in a convolution neural

network of L layers, c nodes and Lf fully connected layers then this stage complexity has

the order O(w2z2Lf ). Further, the fully connected layers of DQL will then have complexity

of O(2c2Lf ). Consequently, the overall complexity of a double DQL is given by O(w2z2Lc+

2c2Lf )

3.1.5 Chapter Summary

In this chapter, the study has outlined reinforcement learning as a unique approach to solving

SAC. The formulation of state space, action space, state transition, reward functions, and

policy evaluations have been comprehensively discussed. Further, the chapter has presented

the significance of each RL variant beginning with Q-learning and gradually progressing to

function approximation techniques. The complexity analysis of RL has been discussed
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Chapter 4

Queuing based Multi-InP Resource Schedul-

ing for Slice Admission Control with

Deep Reinforcement Learning

Slice admission control key objectives have mainly encompassed profit maximization [10][11],

QoS control[80][38], slice fairness [14] and inter/intra slice admission control[13]. Singular

objective approach is less conclusive in terms of determining the true revenue implication

of a slice resource allocation. In this chapter a queuing based multi-InP resource scheduling

for slice admission control is introduce. This scheme leverages server scheduling to improve

allocation efficiency and reduce cost associated with in-server waiting time. This approach

promised reduced SLA penalties thereby improving revenue obtained by network slice

operators. We begin this chapter by motivating the need to perform slice scheduling and

then derive the analytical presentation of queuing model. Later we present the problem

formulation and solving it using reinforcement learning. In the end the simulation results

are discussed.
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4.1 Overview of Slice Scheduling in a Multi-Tenant

Multi-InP Ecosystem

The network slicing architecture must support a multi-user multi-service environment in

which each use case can be associated with a specific service. Many of these services are

requested by a user, and the MNO subsequently forwards them as a slice bundle to an InP[13].

Because the time of a slice request is typically random, the provider cannot manually foresee

a service and prepare resources in advance. However, with huge cloud distribution, a slice

can still be orchestrated close to a user, raising the question of whether it is possible to

accurately perform slice scheduling and instantiate it only when and where it is required.

On that note, an InP can decrease OPEX by limiting costly delays and get more revenue by

performing efficient scheduling.

A network operator can create more income by simply admitting as many users and as

many slices as possible; however, the trade-off between reducing OPEX and producing more

revenue is a complicated balancing act, as the latter may lead to network overloading. Using

resource scheduling, an MNO can learn network dynamics and identify slice cost changes[15].

We offer a typical scheduling model in which slices are cheaper when the network is less

crowded and delays are projected to be minimal. These network dynamics are thought to

be advantageous when creating consistent decision variables for machine learning systems.

Different slice classes eg eMBB, uRLLC and mMTC have specific requirements which can not

be met under a common network status[39]. It is therefore key to separate temporal instances
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under which these slices are instantiated, this can only be done through efficient scheduling.

If an MNO can determine when and where it is convenient to deploy a slice, a revenue model

can be placed on such slices and scheduling effect considered. With consistently varying

network conditions, relying on historical data for proper scheduling is not efficient, as such

data may not be available or simply takes too long to collect [81]. Hence, the choice of efficient

machine learning algorithm for resource scheduling should be flexible enough to adopt both

real-time and historical data. The reward based approach in RL allows for real-time learning

and experience used in improving scheduling.

In recent times, researchers have attempted to perform resource scheduling majorly as a

means of reducing slice orchestration delays but not as away of minimizing OPEX. The

study presented in [82] introduced an approach for resource scheduling in mobile edge

computing within ultra-dense networks. The primary objective was to enhance efficiency by

implementing offloading strategies. The problem was tackled using the Newton-IPM (Interior

Point Method) based computing resource allocation algorithm. However, this technique

lacked the capability to forecast future resource fluctuations.

Further, a task scheduling approach formulated as an NP-hard problem presented in [83]

aimed at optimizing network utility. The researchers employed a GA based adaptive mating

distance (GA-AMD). By dynamically adjusting the mating distance between fitter parents a

broader range of exploration can be achieved however, more complexity and computational

time is increased, further, GA-AMD generally is a problem specific solution and can not

perform generalization as expected when network conditions changes rapidly. In [41], the

authors performed delay violation probability (DVP) minimization by scheduling the wireless
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edge network (WEN). The authors objective was to evaluate the effect of semi-static and

dynamic scheduling policies.

When faced with multi-service scheduling on the cloud a technique called Fregata which is

a partial machine learning based has been applied[84]. This technique allows a scheduling

agent to perform dependency evaluation. Jobs with high dependencies are prioritized and

provided with low latency, this approach has been performed on Amazon EC2 cloud services.

The work in [85] introduced a resource scheduling for long term evolution (LTE) where the

objective was to optimize reuse distance in vehicle to everything (V2X) so as to improve QoS

in mode 3 of V2X. Other researchers have investigated adaptive scheduling mainly to improve

response and processing time for tasks that are loaded onto servers[86]. Although response

and processing time are key performance indices that are of interest in this thesis, to infer

efficiency in an algorithm, deploying an efficient queuing can massively reduce processing

time.

In [78], Li et al. proposed a cooperative approach for E2E scheduling. The focus of this

approach was to address scheduling challenges in a coexistence environment. By applying

cooperative strategies, the authors aimed to enhance the efficiency and performance of the

scheduling process, ultimately improving the overall communication quality for users.

Similarly, in [87], a cooperative approach investigating low complexity in radio resource

allocation was presented. This investigation was focused on uRRLC and eMBB slices. By

employing cooperative methods, the authors intended to efficiently resolve conflicts that

may arise as a result of the coexistence of these slices, thereby ensuring enhanced resource

allocation and performance for both uRRLC and eMBB services.
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In slice admission control revenue optimization and OPEX reduction through efficient

queuing is a complex trade-off between rapidly processing slice requests for admission control

and limiting over-subscription. In this chapter, the effect of efficient queuing and scheduling

on OPEX reduction and revenue optimization is investigated. Deep RL is implemented at

the scheduling stage while a multi-server queuing precedes the scheduling processing.

The rest of this chapter is organized as follows. The system model is presented in Section

4.1.1, while in Section 4.1.2, we present the solution using Deep RL.

4.1.1 System Description for Slice Queuing and Scheduling

4.1.1.1 Queuing Model

Consider m ∈ M InPs with multiple resource pools and n ∈ N tenants/MNOs receiving

multiple request from multiple users for slice onboarding. In this scheme both InPs and

MNOs must collaborate since it is assumed that at no point the resource aggregation pool

can be depleted. Figure 4.1 represents a multi-InP, multi-tenant and multi-server scheduling

and queuing process.

Each InP periodically provides a network update and resource status; this information must

be stored on a central server known as the update server. Each tenant is assumed to have

access to the update server and can see resource availability. Each tenant request is queued,

and the queue manager strives to manage the process as efficiently as possible by reducing

queue delays. Nonetheless, collaboration with the scheduling algorithm remains necessary.

It is anticipated that the cost of network resources will continue to fluctuate due to rapidly
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changing network conditions. This study adopts an M/M/C queuing system which is a multi-

server multi-queue approach. The justification for adopting this scheme is that: The M/M/C

queuing model is the most suitable for this scenario due to its ability to efficiently handle

multiple concurrent tenant requests while ensuring optimal resource allocation and minimal

delays. Given that multiple infrastructure providers (InPs) maintain separate resource pools

and serve numerous tenants with varying demands, a multi-server queuing system is essential

to balance load distribution and maintain system efficiency[88].

First, the Markovian (M/M) assumptions of Poisson arrival and exponentially distributed

service times align well with the dynamic nature of network slicing, where tenant requests

arrive unpredictably, and service times vary based on resource availability and network

conditions. These assumptions allow for a realistic modeling of stochastic traffic flows in

a 5G environment[89].

Second, the multi-server configuration ensures that multiple service resources are available

simultaneously, preventing bottlenecks and improving system responsiveness. Since network

resource aggregation ensures that no pool is completely depleted, an M/M/C system

effectively distributes requests across available servers, reducing congestion and preventing

service disruptions[90].

Additionally, real-time updates from the InPs are crucial for tenants to make informed

decisions regarding resource availability. The central update server acts as a shared

information hub, and the queue manager utilizes this data to dynamically manage slice

onboarding. An M/M/C system accommodates this by adjusting service rates based on

real-time demand and resource status, ensuring a seamless and efficient queuing process[91].
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Lastly, fluctuating network costs and varying service demands necessitate a flexible queuing

approach. The M/M/C model supports adaptive resource allocation, allowing for efficient

tenant request scheduling while minimizing queue delays. Collaboration with a scheduling

algorithm further enhances its performance by optimizing server utilization and prioritizing

critical requests[92].

Overall, the M/M/C queuing model provides a robust and scalable framework for managing

slice admission in a dynamic network environment. It ensures efficient resource utilization,

minimizes delays, and adapts to fluctuating network conditions, making it the most suitable

choice for this study[88].

Scheduling
Algorithm

Network
resource
update 

Multi-server
Queue

Management

M/M/C

Figure 4.1: Multi-InP, multi-tenant and multi-server queuing and scheduling
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The model depicts a multi-server queuing management system with non-homogeneous server-

level functionality. The mean task arrival rate on server i = [1, 2, ..I] from queue j =

[1, 2..J ] is given by a Poisson process λi,j, this is because user requests for network slices are

computational tasks that typically arrive randomly and independently. This is particularly

relevant in network slicing environments, where multiple MNOs submit slice requests to InPs

at unpredictable intervals. The randomness of user demand, coupled with the assumption

that each task arrival is an independent event, makes the Poisson distribution a natural and

mathematically sound choice for modeling task arrivals. Each server can be served from one

queue at a time, however a task can transient from one server to another, this is due to

heterogeneity in task execution. Hence at full capacity there are q servers. Each server has

an exponential service rate given by µ. Let us denote a slice request from an MNO n to an

InP m as xm,n. Slice queue occupancy can be estimated by an exponential expression given

by

ρ =
λi,j
µm,n

(4.1)

Assume there areX(t) > 0 representing slice requests at time t, the probability that there are

l = [0, 1, 2...I] requests being processed is P
l
{X(t) = l} can be modeled from the following

transient probability [93].

dPl(t)

dt
= P0(t)−

(
λi,j + ρ+

N∑
n=1

µm,n

)
Pl(t) + λi,jPl−1(t) +

N∑
n=1

µm,nPl+1(t) (4.2)

Equation 4.2 represent transient probability of l slice requests at time t. It represents time-

dependent probabilities of the system size of a Markovian queuing model with heterogeneous
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servers which are governed by the differential-difference equations[93]. It is clear that these

equations may not have closed-form solutions but these stochastic differential equations

(SDE) may be solved to the closest estimate. These equations represent the probability that

a slice may transit from one server to another, considering waiting time and queue size. They

are important in this section since they highlight the complexity of managing a multi-queue,

multi-server environment that anticipates stochastically arriving slice requests. Therefore,

an alternate solution for slice scheduling is required, where an RL method is applied in this

chapter.

The linear SDE in 4.2 can be expressed as

dPl(t) = P0(t)−

(
λi,j + ρ+

N∑
n=1

µm,n

)
Pl(t)dt+λi,jPl−1(t)dt+

N∑
n=1

µm,nPl+1(t)dt+σdW (4.3)

Where σ is the variance and dW represents the Brownian motion. Moving forward the

probability generating function can be derived from 4.3 as:

Pl(t) = A(t)

∫ t

0

[
P0(t)− A(t)−1

(
λi,j + ρ+

N∑
n=1

µm,n

)
Pl(t) + A(t)−1λi,jPl−1(t) + A(t)−1

N∑
n=1

µm,nPl+1(t)

]
dt

+
l∑

j=0

∫ t

0

A(t)−1dW (t)

(4.4)
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The function A(t) ∈ Rl×l represents the fundamental matrix that denotes the solution to the

SDE. The solution can now be expressed as:

dA(t) = A(t)dt+
l∑

j=1

(t)A(t)dWj, (4.5)

if the initial condition for the function A(0) is an identity matrix t ∈ Rl×l then 4.4 and 4.5

are the solution to 4.2

Proof : By rearranging 4.4 we have:

Pl(t) = A(t)

∫ t

0

[
P0(t)− A−1dX(t)

]
(4.6)

where

dX(t) =

[(
λi,j + ρ+

N∑
n=1

µm,n

)
Pl(t) + λi,jPl−1(t) +

N∑
n=1

µm,nPl+1(t)

]
+

l∑
j=0

σdWj(t) (4.7)

hence

Pl(t) = A(t)Z(t), Z(t) =

(
P0(t)−

∫ l

j=0

A−1dX(t)

)
(4.8)

dZ(t) = A−1dX(t) (4.9)

Using Itô lemma we obtain

dPl(t) = A(t)dZ(t) + dA(t)Z(t) +
l∑

j=1

Cj(t)A(t)A
−1(t)dt

= dX(t) + A(t)Z(t)dt+
l∑

j=1

A(t)Z(t)σdWj(t)

(4.10)
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therefore

dPl(t) = [P0(t) + C(t)Pl(t)]dt+
l∑

j=1

Pl(t) + σdWj(t) (4.11)

where C(t) ∈ Rl. This ends the proof. It is important to acknowledge that a significant

number of stochastic differential equations (SDEs) lack analytical solutions. Consequently,

numerical methods are employed to approximate the sample trajectories of the desired

solution. The initial assumption at time t = 0 is that there are no slice requests in the

queue, and there is no server currently fulfilling any request. The probability P0(t) denotes

the likelihood of having no requests in the queue system. Typically, the derivation of the

transient probability will contribute to the following KPIs.

1. The probability that there are l requests in a queue.

2. The probability that there are j servers out of l being utilized and l− j servers are not

utilized.

3. The chance of having l slices serviced at given time t which encompasses both slices in

the wait and those presently being served.

The closed form expression estimation of Equation 4.4 is given by[94]

Pl = ρlP0 (4.12)

where P0 estimation takes the form

P0 =

(
1∑l−1

j=0
ρ
j!
+ ρ

l!
· lµ
lµ−λi,j

)
(4.13)
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Equation 4.13 can be modified to fit the KPIs mentioned earlier.

The cost of each slice is originally determined by the duration of time spent in the queue.

Longer delays in the queue result in higher penalties, leading to an increase in OPEX and

subsequently raising the cost of orchestrating a slice. The primary objective of an InP is

to decrease the duration of queue occupancy. In order to emphasize this point, we use the

assumption that the cost function CF exhibits a linear relationship with a slice request xm,n

for all admitted slices from all MNOs as:

CF = β
C−1∑
l=0

∆t

Pl(t)
∀t = [0, 1, 2...T ] (4.14)

The system occupancy duration is given by ∆t = Txk,n− txk,n indicate the difference between

the arrival time and exit time. The first objective is therefore to minimize the cost CF as:

min
∆t

CF (4.15)

subject to

∆t ≤ ω (4.16)

If a slice request’s queue time ω exceeds the maximum permitted by the constraint in 4.16,

the request is removed from the queue.

In Figure 4.2, the queuing model derived is presented. This M/M/C queuing model is a

plausible approach due to its ability to enable resource alignment to specific slice. The multi-

queue multi-server system observes slice request arrival at time t and then sent to the queue
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with the lowest waiting time ∆t. The number of requests in the queue is also expected to

determine the choice of queue. It is therefore important to define an optimization procedure

for Figure 4.2. From Equation 4.13 the expected waiting time in the queue q is given by

Wq =
P0

lµ− λi,j
(4.17)

Each queue operates under Poisson arrivals with rate λ and exponential service times with

rate µ per server. The expected number of customers in queue is governed by Lq = λWq

(Little’s Law) [95]. Henceforth, the choice of queue by a slice is an optimization function

given by,

min
q

= αWq + βQq (4.18)

where Qq is the number of slices in queue Wq represents the expected waiting time in slices.

The weight coefficients α and β adjust the priority between queue length and latency-sensitive

slices respectively. Each slice request must chose a queue that has the available capacity in

that Qq ≤ l and the service and arrival rate must ensure system stability such that λ ≤ lµ

In a 5G network slicing environment, optimizing queue selection ensures efficient resource

allocation across different slices, each catering to unique service requirements such as eMBB,

URLLC, and mMTC. A multi-server M/M/C queuing model represents scheduling decisions

in network slicing, where multiple slices share a set of servers (computing, network and

storage resources). This is highly adaptable network slicing model presented in this study.

The arrival of data packets in each slice follows a Poisson process with rate and service

times are exponentially distributed with rate per server. The probability that all servers are
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Figure 4.2: Resource queuing and system occupancy in an M/M/C model.

occupied is determined by the Erlang-C formula, influencing whether an incoming packet

experiences a delay. The expected queue waiting time Wq depends on system utilization

ρ = λ/(Cµ) and the probability Pw that an incoming packet must wait for service. Given

the dynamic nature of 5G traffic, a queue selection mechanism must minimize both the

latency experienced by packets and the congestion level in each slice, ensuring that critical

services such as URLLC maintain ultra-low latency while balancing network resources across

all slices see Equation 4.18.

Comparatively, a greedy scheduling approach prioritizes the slice with the lowest function

value, ensuring immediate resource allocation for the most time-sensitive packets[40]. A

DP method considers future traffic conditions to optimize long-term load balancing among

slices[16]. RL-based scheduling, continuously adapt to real-time traffic variations, learning

optimal queue selection policies based on past network states.
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In the next section, we present a model for the resource scheduling scenario. It is important

to note that throughout this thesis, the resource categories may be altered, but the core

concept of network slice admission control and embedded objective remains consistent.

4.1.1.2 Resource scheduling

The combined prediction (deterministic and stochastic nature) of slice servicing by multi-

server queuing system in Section 4.1.1 provides a platform for slice scheduling and an

enhancement for determining how resources levels will fluctuate temporally per time unit.

When considering the complex issue of scheduling, we propose the use of a well specified set

of parameters. In this case, we focus on a group of users, represented as u = [1, 2...U ], who

are effectively served by a selected slice of class c. Each slice request is placed by a tenant

n ∈ N to an InP i ∈ I. In order to determine the amount of spectral resources, which is

a crucial measure in the RAN domain, we carefully calculate the required baseband units

(BBUs) for each slice, represented by the variable b ∈ B. It is important to highlight that

our study carefully separates the functions associated with the centralised unit (CU) from

the operational domain being examined. As a result, our assessment solely concentrates on

the distributed unit (DU) due to the real-time events considered.

The slicing of the optical carrier in the core presents a greater challenge, therefore

necessitating the inclusion of an Optical Network Unit (ONU) in the access network, which

can be sliced with less complexity [96]. The collection of ONUs assigned to a slice of type c,

is denoted as Oc ∈ O, represented by the cost Coc = ϕoOc. The provision for delay-sensitive

applications is addressed by the implementation of a dynamically deployed edge cloud, which
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utilises commodity servers equipped with virtual central processing units (vCPUs). Each

vCPU denoted by g belongs to a set G having a cost Cgc =
∑
ϕggc, and to a slice service node

(SSN). An SSN servicing a slice type c has a measurable distance in terms of hops denoted

as hc. An InP strives to orchestrate a slice as close as possible to a user.

The cost linked to the quantity of hops may be represented as Chc =
∑
ϕhhc∀h ∈ H. It is

assumed that slices encounter an equal processing delay on every node along the way. The

values ϕo, ϕg, and ϕh represent the mean cost per hour per ONU, vCPU, and hop respectively.

Each slice service possesses distinct QoS requirement meaning that a conventional antenna

design is not optimally effective in terms of spectrum utilization. To address this, an InP

has the flexibility to deploy either a single antenna or multiple antenna setup, depending on

the specific QoS of a given slice. This is denoted by the parameter a, which can take on

values from the set a = [1, 2...A]. It is crucial to note that the value of U << A in a multiple

antenna configuration. The power budget of each antenna arrangement is denoted as Pa,

which must satisfy the condition Pa < PA, wherePA represents the power budget that takes

into account all antennas within the setup.

The power budget calculation is based on the antenna and BBU power consumption during

a slice service. Following [97] we can denote the BBU power as:

Pbbu =
∑
a∈A

Pstd
a +∆p ⋆Pload

a rb (4.19)

where Pstd
a determines the standard power per antenna a when the BBU is on no load while

Pload
a is the power under load, ∆p is the power model rate and rb denotes the traffic load

per BBU b ∈ B. The cost associated with the BBU power consumption is estimated as
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Cbbu
c = ϕbPbbu where ϕb represents the cost per unit time charged per BBU. For simplicity,

the dynamic power due to beamforming vector is disregarded. The RB aggregation per slice

is given by O ∪ B ∪ G.

The pricing structure employed by the tenant is determined by two factors: the duration of

the wait time in the queue and the level of resource required for deploying a slice in each

individual slice request. The anticipated fluctuation in the cost of the system is attributed

to the dynamic nature of the network within a 24-hour timeframe. This suggests that the

price for each individual slice is variable. Tenants possess the capacity to decrease their

request for a slice in instances when the cost of the system is increases, hence leading to a

diminished payment. From an economic perspective, it can be observed that there exists a

positive connection between the cost of a system and the price per slice. This implies that as

the system cost rises, there is a corresponding increase in the price per slice, and conversely,

as the system cost decreases, the price per slice also decreases. To accomplish this objective,

each resource pool is allocated a metric specified by

V =
1

Olog(O −
∑K

k=1Ok)
+

1

Blog(B −
∑K

k=1 bk)
+

1

Glog(G −
∑K

k=1 gk)
. (4.20)

This metric represents the normalized value of the resource pool. A comparison is made

between this metric and resource fluctuation later in the simulations. The cost of the

remaining resource block is directly proportional to this metric whenever a resource is

allocated to service a slice of any type c. Based on the aforementioned framework, we can
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now proceed to establish the second objective where the slice subscription cost is minimized

as follows:

CR = min
Cbbui,n,c,C

o
i,n,c,C

g
i,n,cC

h
i,n,c

∑
i∈I

∑
n∈N

∑
c∈C

Γc(C
bbu
i,n,c + Co

i,n,c + Cg
i,n,c + Ch

i,n,c) (4.21)

subject to:

Γc = [0, 1] (4.22)

∑
n∈N

∑
c∈C

Γcxc,nbc,n ≤ Bi ∀i ∈ I (4.23)

∑
n∈N

∑
k∈K

Γcxc,nOc,n ≤ Oi ∀i ∈ I (4.24)

∑
n∈N

∑
c∈C

Γcxc,ngc,n ≤ Gi ∀i ∈ I (4.25)

∑
n∈N

∑
c∈C

Γcxc,nac,n ≤ Ai ∀i ∈ I (4.26)

∑
u∈U

au ≤ A (4.27)

Constraint 4.22 is the admission control variable, which can be either one (1) for admitted or

zero (0) for rejected slice requests. Constraints 4.23 to 4.26 ensure that available resources,

such as BBUs, ONUs, CPUs, and antennas, do not exceed the maximum limit. Constraint

4.27 ensures that the total number of antennas provided to all users in a multi-antenna setup

does not exceed the maximum available. The joint objective function may now be written

as:

C = ξCF + (1− ξ)CR (4.28)
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The parameter ξ which is constrained to the interval (0, 1), is utilized to achieve an optimal

equilibrium between the trade-off concerning latency and the costs related to resources.

This effect arises from the observation that when demand for resources are kept lower, the

likelihood of processing slice requests rapidly increases, leading to increased costs associated

with queue processing but reduced resource expenses. The lack of convexity in Equation

4.28 requires the implementation of a robust approach to address the problem. In general, it

is important to note that there is no global optimum for this problem. Therefore, a feasible

approach is to approximate the output, which can be effectively estimated using machine

learning techniques. The utilization of deep reinforcement learning has been employed in

the form of Deep Q-Network (DQL) to address the problem in question.

4.1.2 Deep Reinforcement Learning

The methodology employed for making judgments entails the development of a systematic

technique to effectively manage the allocation of slices. This approach entails prioritizing

non-deterministic slice requests as the initial step, followed by evaluating the consequences

of queue delay, and subsequently analyzing variations in the resource pool. The objective

is to reduce the expenses incurred by the system within a designated time frame ∆t. The

approach employed in this study is Markovian, and it may be effectively tackled through

the utilization of DQL algorithm. DQL is a reinforcement learning approach that does not

require prior knowledge of the environment and operates in an off-policy manner. Through

the examination of action values, it is possible to formulate a policy that assigns substantial

rewards to good actions and lesser rewards or penalties to bad actions. In the DQL framework
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Figure 4.3[40], an initial finite buffer called replay memory is established. This buffer is

responsible for storing the experiences that have been accumulated by the learning agent.

Subsequently, the acquired experiences are employed to update the neural networks. General,

DQL adopts twin neural networks namely, the policy and target networks. During the

learning process, the policy network estimates the current action values given by Q(s, a, θ),

the target is then updated periodically with the weights of the policy network picked

randomly from the replay memory, this approach improves stability during learning and

prevents what is known as ”dog follows its tail effect”. A soft update employing τ ∈ (0, 1)

is employed and is chosen as a hyper parameter.

The optimization process of DQL is performed by computing the loss function between the

action values of the policy and the target network given by Q(s, a, θ′).

The DQL environment holds all the information required for training the agent. The

environment holds the state space, the action space, the reward, and a terminal state, since

we have opted to employ an episodic state space. We proceed to define the state space, the

action space, and the reward functions.

State Space: The set of states required by the training agent are represented as a state

space. In this study the state-space contain the transient probabilities of the servers, the

resource requirement of a slice and the resource pool status. Each transient probability

represents the following states;

• P req
l (t):The probability that there are l slice requests at time t

• P que
l (t):The probability that there are l requests in a queue at time t.
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Figure 4.3: DQL architecture depicting the replay buffer, the environment and the twin
neural networks

• P serv
j (t): The probability that there are j out of l servers being utilized and l−j servers

are not utilized at time t.

• P slice
l (t):The chance of having l slices serviced at given time t.

Additionally, the state space also encompasses the slice request xk,n = 1, the real-time

network status and queue and server occupancy time δt. We represent these as follows.

S(t) = {P que
l (t), P serv

l (t), P slice
l (t), Oc(t), bc(t), gc(t),Oc(t),Bc(t),Gc(t),Pbbu(t),∆t, xc,n(t)}

(4.29)

Each of the state value is fed into the training agent through the inputs of fully connected

deep neural networks.
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Actions and Action Space: The set of actions necessary is intended to depict the agent’s

response to its interaction with the environment. In this scheduling scheme, the agent

undergoes training to execute three actions. 1) The agent predicts when to transfer a slice

request to another server considering the current queue and server status. 2) Performs

admission control 3) Performs prediction of resource fluctuation. The set of actions are

represented as follows.

A(t) = {a1(t), a2(t), a3(t)} (4.30)

Specifically, the action values represents quantity of resource requirement which must be

the server adjustment, number of vCPU required by each server and the predicted resource

allocation per user cluster.

Reward function The performance of the agent is heavily influenced by the quality of the

reward function. Our objective is to develop a reward function that effectively reinforces

actions of the agent, ultimately improving performance. To this end, the cost pertaining to

each resource value has been defined, also a metric for network status. We incorporate this

parameters into the reward function as follows

R(t) =

[
A(t)xn,c(t)

V

]
P que
l (t)P serv

l (t)P slice
l (t)

ξ(β
∑C−1

l=0
∆t
Pl(t)

) + (1− ξ)(Cbbu
i,n,c + Co

i,n,c + Cg
i,n,k + Ch

i,n,c)
(4.31)

The algorithm for implementing admission control based on DQL for resource scheduling

and cost prediction is implemented in Algorithm 1. The design of DQL requires a finite-

size memory buffer known as the replay memory. In this work, we set the buffer size to

1200. Initially, there is no resource allocation; hence, it is assumed that the resource pool is
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full. Slice requests have been modeled with a non-deterministic Poissonian arrival rate λ .

Each of the neural networks has 12 inputs, with 2 hidden layers corresponding to each set

of states. The outputs represent 3 defined action values already mentioned. The training of

the agent is episodic and ends after M = 2000 episodes where each episode is divided into

time steps given by t = [0, 1, 2...T ].

Algorithm 1 Deep Q learning for slice scheduling

1: Initialize the replay buffer size D
2: Initialize the policy network with random weights θ
3: Create a copy of the policy network (Target) with weights θ′

4: for Episode = 1 to M do
5: Initial starting state from 4.29
6: for t = 0 to T do
7: Select action via ϵ or 1− ϵ
8: Execute an action according to 4.30
9: Observe reward 4.31
10: Store experience (s, a, r, s′)
11: Move to next state
12: if batch size ≤M then
13: Sample batch of size B
14: Policy network output = Q(s, a : θ)
15: Target network output = Q(s′, a′ : ϕ)
16: L(θ) = E[{Q(s, a : θ)− (r + γmaxaQ(s

′a′ : ϕ))}2]
17: θ ← θ − α∇θL(θ)
18: else
19: Continue
20: end if
21: ϕ′ ← τϕ+ (1− τ)θ
22: end for
23: ϵ← min(ϵ) + ({max(ϵ)−min(ϵ)} ⋆ exp(−ζ ⋆ M))
24: end for

Prior to the commencement of the training process, the policy network is duplicated and

thereafter utilized as the target network, possessing similar weights θ. A copy of θ is created

as ϕ for the target network. During the training phase, the selection of actions is initially

exploratory with a probability of 1−ϵ. As the agent acquires more experience, this probability
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decreases and transitions to what is often referred to as exploitative action selection. After

the selection of an action, an emulation of the action is executed using a separate function

call that is not integrated inside the algorithm. Each batch consists of 64 elements given

by 8 features per row, this corresponds to each state set. The current Q-values of both the

policy network Q(s, a : θ) and target network Q(s′, a′ : ϕ) are utilized to compute the loss

Equation 4.32 which is the mean square error temporal difference between the outputs of

the two networks.

L(θ) = E[{Q(s′, a′ : ϕ)− (r + γmax
a
Q(s, a : θ))}2] (4.32)

To obtain this difference, the agent require a second pass through the target network to

obtain Q(s′, a′ : θ). The objective is to minimize the error then optimize the policy network

by stochastic gradient descent (SGD) by updating the network weights in the policy networks

as

θ′ ← θ − α∇θL(θ) (4.33)

The target network weights are updated after a finite duration through a soft updated as;

ϕ′ ← τϕ+ (1− τ)ϕ′ (4.34)

where τ is a hyperparemeter chosen as τ = (0, 1). At the end of an episode the exploration

rate ϵ is updated.
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4.1.2.1 Space and Time Complexity Analysis of Algorithm 1

The algorithm’s space complexity is largely determined by the replay buffer, which is

initialized to hold up to D experiences. Each experience (consisting of a state, action,

reward, and next state) typically occupies constant space, leading to an overall storage

requirement of O(D). In addition to the replay buffer, the algorithm maintains two neural

networks (the policy network and its target copy) whose memory footprint depends on the

number of parameters P in the network. Since P is fixed and generally much smaller than

D in practical settings, the dominant space usage is from the replay buffer, resulting in a

total space complexity of O(D + P ), which can be approximated as O(D) when D is large.

The algorithm operates overM episodes, with each episode running for T time steps, leading

to a total of O(M × T ) iterations. At each time step, the actions are chosen and executed

in constant time, O(1), and the environment is updated similarly in O(1). Once the replay

buffer contains enough experiences, a mini-batch of size B is sampled, which is typically an

O(B) operation. The core computation during each update is the forward and backward

pass through the neural network, with a time cost proportional to the number of parameters

P given by O(P ). Thus, each gradient descent update requires O(B×P ) time. In the worst

case, assuming an update occurs at every time step, the overall time complexity becomes

O(M ×T ×B×P ), capturing the cumulative cost of sampling mini-batches and performing

network updates throughout the training process.
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4.1.3 Simulation and Results

In the simulation process, the parameters in Table 4.1 were employed, the results

are then discussed. The simulations were performed in Python with Scipy.optimize

employed to optimize the queuing process. The resource scheduling framework was

then carried out as a DRL process with DQL to performed resource prediction. The

following hardware was used in the simulation: Intel(R) Core(TM) i7 − 8665U CPU

1.90GHz, 2112 Mhz, 4Core(s) , 8 Logical Processors. The simulation results were recorded

in a Python lists stored in .csv files then later plotted.

The discount rate (0.09) is set low to prioritize short-term rewards over distant future

rewards, which is suitable for queuing systems where immediate resource allocation decisions

significantly impact performance. The learning rate (0.001) is relatively small to ensure stable

updates to the value function, preventing drastic changes that could lead to suboptimal

policies. The maximum exploration rate (1) encourages full exploration at the beginning,

while the minimum exploration rate (0.001) ensures that the agent gradually shifts toward

exploitation as learning progresses. The exploration decay rate (0.01) controls the transition

between exploration and exploitation, ensuring that learning stabilizes over time. Finally,

2000 episodes provide sufficient training iterations for the RL model to converge to an optimal

policy without excessive computational overhead.

For the system parameters, the time step (1 sec) aligns with real-time queuing dynamics,

ensuring that network changes are captured at an appropriate resolution[15]. The resource

limits—maximum BBUs (100) [40], CPUs (1000)[98], ONUs (20) [96], and hops (100)—reflect
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realistic infrastructure constraints in network slicing, ensuring that the simulation adheres

to practical deployment scenarios. The antenna configurations (4–360 MIMO with

Massive MIMO support) enable an accurate representation of wireless network performance,

influencing how resources are allocated across different slices. These parameters ensure that

the RL model effectively learns to manage queuing delays, and optimize resource allocation.

The number of hops is a metric employed in this study to estimated the effect of distance to

the user and is given a maximum value of 100.

Table 4.1: Simulation parameters

Hyper parameters
Parameter Value
Discount rate 0.09
Learning rate 0.001
Maximum exploration rate 1
Minimum exploration rate 0.001
Exploration decay rate 0.01
Number of episodes 2000

Other parameters
Parameter Value
Time step ∆t 1 sec
Maximum No. BBUs 100
Maximum No. CPUs 1000
Maximum No. ONUs 20
Maximum No. Hops 100
Antennas per Massive
MIMO

4-360

In Figure 4.4, the optimization process is presented. The plot presents loss function

minimization verses epoch. The agent action starts by exploring the environment which

reduces exponentially to the minimum exploration rate ϵmin. The agent is seen to converge

when the number of epochs approaches 2500. At this point the agent exploits its experience
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Figure 4.4: DQL optimization through loss minimization over 3000 epochs for resource
scheduling

and is said to have converged. Epochs above 3000 showed no further improvement. The loss

calculation is obtained through a temporal difference in Equation 4.32.

The efficiency of the queuing process employed in slice admission control depended on the

performance of the multi-server multi-queue process.

In Figure 4.5, we illustrate the impact of multi-queue multi-server slice processing on

transitioning from a queue or a server. With fewer than 15 slice requests, the relative

transition probability of a slice request moving to another server is approximately 0.02. This

is highly expected as an acceptable confidence interval of 95% where the mean probability

is 0.018 giving a mean error of 0.002. However, as the number of requests increases, the
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service volatility also increases. Starting from request 25, the trend shows that a server with

a relatively lower service rate µ becomes more volatile, allowing services to be transferred to

a server with a higher service rate. For instance, with 30 slice requests in the system, servers

1-4 with service rates of 0.4, 0.6, 0.8, and 1.2 had transition probabilities of 0.5, 0.42, 0.28,

and 0.16 respectively.

Figure 4.5: Transient Probabilities vs. Number of Slices (Multiple Servers)

Figure 4.6 to 4.10 depict resource prediction over a 24-hour. Initially, Figure 4.6 illustrates

radio resource availability and prediction. The compared agents, QL and DQL, were

trained on dynamic resource orchestration, where resources were allocated such that services

requesting resources they no longer needed relinquished them back to the system.

The actual resource balance depicted by ”Available DQL” and ”Available QL” followed a

similar pattern over the 24-hour period, reflecting a pre-tuned allocation plan. This time
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duration is sufficient considering the granularity of slice request arrival of 1 sec. With the

goal of determining how the agents would predict the fluctuations, the plots ”Forecast DQL”

and ”Forecast QL” present these predictions. The prediction by DQL had an average error

of approximately 20% over a period of 24 hours. However, the prediction improved to less

than 15% over the remaining time. Meanwhile, QL remained at an overall accuracy average

of over 20% with no further improvement.

Figure 4.6: Comparison of both actual and predicted radio resource

In Figure 4.7, we present radio resources in RB units. Here, each RB in the BBU considered

is a 5G NR FR1 15KHz unit. The fluctuations predicted over 24 hours are plotted against

the actual available RBs. Additionally, the agent estimated the cost variation, converted into

USD. The cost estimation (USD) is employed in this study as a general indication of cost

variation during the set period. The predicted and actual resource values closely matched
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each other over the 24-hour period, indicating accurate predictions by the agent. The overall

average error between the predicted and actual resources remained at less than 2%. Indeed,

the agent’s prediction of reduced RB cost for the first 10 hours aligns with typical market

behavior. However, considering that users tend to lose interest in network resources when

QoS drops, the agent shifted its strategy by increasing the cost when more resources were

available and reducing the cost when it anticipated limited resources.

Figure 4.7: Comparison of actual and memory resource against the predicted cost

The memory resource slicing was performed per gigabyte demonstrated in Figure 4.8. The

agent’s prediction of available resources closely matched the actual values. Furthermore,

the cost prediction leveraged the typical network behavior of employing a ”high cost for

improved QoS” strategy. This prediction criteria is visible throughout the entire time range

with minimal deviation between the 5th and 10th hour.
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Figure 4.8: Comparison of actual and predicted memory against the predicted cost

Slice task processing requires the availability of logical processors. If the InP can predict

the availability pattern, slices can be scheduled accurately. Figure 4.9 presents the vCPU

availability pattern over a 24-hour period. The predicted quantity is seen to match the actual

values with an average minimal error of less than 7%.. The predicted vCPU cost shows initial

increase due to demand at low availability and the agent’s lack of experience. The agent

improves its estimation and provides a varying cost estimate over 15 hours from the 5th

hour. This prediction, similar to previously discussed strategies indicates that improved

QoS attracts improved revenue.

The plot in Figure 4.10 illustrates the fluctuation and prediction of ONU resources by the

trained agent over a 24-hour period. The predicted and actual resource variations closely

match each other, with an approximate temporal error of ±5%, consistent with expectations.
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Figure 4.9: Comparison of actual number of vCPU against the predicted cost

Additionally, the plot depicts the expected cost variations for the same period as predicted

by the agent.

The plot also illustrates the agent’s strategy to balance the trade-off between adopting a

market strategy by reducing costs for abundant resources until the 8th hour and after the

15th hour, while increasing resource costs to improve QoS between the 8th and 13th hour.

In general, the agent behavior completely complies with the study’s intention of evaluating

an optimum policy for improving the long term revenue for the InP. The simulation results

majorly fall within the confidence interval 95% for the duration of 0 hours to 24 hours in

terms of resource forecast and the available.
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Figure 4.10: Comparison of actual number of ONU against the predicted cost

4.1.4 Chapter Summary

This chapter focuses on resource scheduling for 24 hours. The fundamentals of multi-tenant

multi-InP are discussed. We also presented a comprehensive overview of literature describing

the state of the art in slice scheduling leveraging machine learning, specifically RL. The

queuing model for multi-tenant scenario are presented and discussed.

The transient probabilities are modeled by SDE in Section 4.1.1, and proof provided. The

cost model is also provided in this section which aligned to the reward function. In resource

scheduling, power allocation for BBU and the overall resource estimation is presented. The

objective function for minimizing the overall cost is provided in 4.21

The DQL model for slice scheduling is discussed in Section 4.1.2 provisioning the envi-

ronment, the replay buffer and both the target and policy networks. In Section 4.1.3 the
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simulation parameters are provided and the comparison between actual resource quantity

and the predicted values are presented. Similarly, the expected cost estimation for resources

are also presented.
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Chapter 5

Slice Admission Control Incorporating

Resource Auction Game with Rein-

forcement Learning for Social Welfare

Maximization

As presented in the preceding chapter, the establishment of a predictive resource allocation

strategy hinges upon the effective implementation of resource scheduling. In order to

ascertain the financial impact of resource allocation, it is imperative to develop a model that

aligns with the fundamental economic framework of network resource trading. 5G network

resources can be traded for revenue by the InP, however this is subjected to aggregated

resource constraint.

While an InP has the option to accept or decline slice requests made by a Virtual Network

Operator (VNO), they can choose for an economic model that offers the potential for

enhanced revenue. One emerging paradigm shift is resource auctioning. This chapter

employs Q-learning (QL) specifically designed to address slice admission control using

resource auctioning.
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5.1 Introduction

The challenge of ensuring equitable resource allocation becomes increasingly complex with

the rise of data-centric applications on 5G wireless networks. Furthermore, it is worth noting

that the utilization of normal resource costing may not be the most effective approach for

maximizing income generation. In this context, it is necessary for an InP to manually

examine and assess each resource request, afterwards determining an appropriate price to

be paid. However, over time, a slice may unfairly escalate its requirement for data. In

order to address this issue, we suggest the implementation of an online auction game that

assesses bidding data as a series of requests and subsequently applies reinforcement learning

technique to perform admission control.

The exponential increase in the quantity of interconnected devices necessitates autonomous

analysis of massive data, specifically bid information, to facilitate intelligent decision-

making[99]. Machine learning approach is a tractable technique highly suited to deal with

massive and granular data expected during auctioning

When resource auctioning is implemented, it addresses two primary purposes. There

are two primary concerns in the context of auctions: the first pertains to the broader

economic objective of optimizing the overall welfare of auctioneers and bidders, while the

second involves enhancing technical efficiency by means of resource allocation and ensuring

fairness[100]. By leveraging QL we prove that a machine learning approach to slice admission

control through auction improves social welfare for the seller and fairness in network slice

management. In auctioning, a bidding information vector is mapped to RL state attributes.
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The learning agent in RL resolves the best bid based on these attributes during the learning

process. Various bidding methods, such as the Vickrey-Clarke-Groves (VCG) approach,

exhibit bidders who possess dominating strategies that are rooted in incentive compatibility.

Our approach involves aligning our model with universal models, while simultaneously

accommodating bidders’ individual preferences. We propose a non-greedy policy that aims

to maximize utility, taking into account resource constraints and fairness. In a multi-tenant

environment, the InP is faced with the challenge of managing various requests for shared

resources, resulting in resource competition. The practice of the InP opting to consistently

sell to a tenant/VNO based on their commitment to generate substantial positive revenue

can be characterized as a greedy approach, which is deemed unfair.

Intelligent resource auctioning allows InPs to evaluate tenants and sell resource to the most

deserving bidders. This is why governments around the world use auctioning to allocate

spectrum licenses to the most deserving telecommunication companies[101][102][103]. The

scarcity of network resources implicates that, the slice provider can only admit a qualified

bidder and allocate resources from the pool. Moreover, a tenant may define a slice requiring

multiple subsets from various classifications. An InP must allocate and maintain such slices

for the duration of the request, this implies that a continuous auctioning process must be

maintained.

Significantly, the implementation of 5G network slicing allows for the allocation of a slice

tenant into distinct categories. However, it is worth noting that at present, the majority of

slice requests are generic in nature and lack specific classification. As a result, the feasibility

of optimization and admission methods that rely on slice categorization is diminished. Hence,
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in order to facilitate the implementation of a dynamic tenant admission and slice allocation

system that is based on slice auctioning, it is imperative to develop a fast and intelligent

method for resource auction[36]. Further, the data presented by a bidder conveys to the

seller the bidder’s valuation and preference. These preferences are always changing due

diverse use cases. Moreover, the complexity of the auctioning process is exacerbated by the

exponential growth in the number of interconnected devices. Consequently, there is a need for

autonomous analysis of a significant volume of data that encompasses bidding information.

This analysis is crucial for enabling intelligent decision-making[99] and eventually the

winning bid is resolved by its ability to meet the slice admission objective of optimizing

economic utility.

5.1.1 Overview of Network Resource Auctioning

In recent times, scholars have put forth theoretical frameworks pertaining to the management

of resources and auctioning models in the context of 5G technology. The study presented

in [104] introduces an online auction-based approach called online auction-based resource

allocation for Network Slicing (ORANS). The concept offers a framework for the allocation

of online resources, leveraging identification of the winning bid and the subsequent payment

process. The algorithm suggested operated on the assumption of a bidding mechanism in

which each offer is designated for a particular slice. However, it should be noted that this

assumption may not lead to the most effective discovery of revenue, as slices are now not

limited to the conventional categories of uRLLC, eMBB and mMTC.Moreover, a thorough

assessment of the impact of auctioning on revenue optimization might be more definitive
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when supported by a significant amount of bidding data, a methodology that has been less

extensively investigated by the authors cited..

In their study, the authors [100] introduced a two-tier cloud radio access network (C-RAN)

resource auction approach. This technique consisted of two auctions: one conducted between

the end user and the virtual network operator, and another between the virtual network

operator and the C-RAN operator. This approach aimed to optimize resource allocation

in C-RAN. Although the inclusion of a vertical auction in this method is an interesting

methodology, it presented challenges in terms of coordination and ensuring its effectiveness.

Further, the authors have only focused on two specific features of the auction, namely the

resource block and the amount paid by the winning bidder. The consideration of critical

features, such as the length of resource allocation, is vital and should not be overlooked.

In their respective studies, Liu et al. [105] and Zhu et al. [106]] examined a resource

allocation and pricing mechanism for 5G slices in an online combinatorial auction setting.

They employed an exclusive OR (XOR) mechanism to optimize social welfare and assumed

equal value for each resource, this assumption does not hold in practical scenarios where

5G slicing is implemented. A closely related work is presented in [107]. The utilization

of a RL algorithm enables the independent assessment and valuation of resources. This

enables virtual operators with the highest merit to secure bids. Furthermore it is essential,

for providers of slices to maintain fairness when selecting the winning bidder. To achieve this

goal it is crucial for the RL based algorithm to adhere to a strategy, which can be achieved

through a learning process.
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The concept of a 5G network slice refers to a collection of diverse virtual resources. However,

it is inadequate to solely focus on the allocation of spectral resources, as demonstrated by

the studies conducted by Tadayon et al. in [108] and Zhao et al. in [109].

Moreover the VCG[110] [111] mechanism, extensively used for addressing resource auction

problems relies on utilitarian welfare functions. Each bidding participant provides their

value function. The optimal choice is determined based on that. The payment made by

each agent is determined by the collective valuation of the remaining agents. Although

this methodology retains a certain level of truthfulness, it may fall short in identifying

the bidder with the highest merit. For instance, participants in an auction may engage

in deceptive practices with the intention of altering the final result, which may negatively

impact other participants. Tied to auctioning 5G network resources, the authors in [112]

and [113] presented auctioning mechanisms but never attempted to deal with the intricate

problem of fair resource allocation.

Although auctioning mechanisms are commonly used for fair network resource allocation a

due and to model interactions between InPs and VNOs, as well as optimization, analysis,

and revenue maximization, the potential of machine learning and intelligent techniques in

this context has not been thoroughly investigated. We strive to leverage resource auctioning

to enable slice admission by employing state-of-the-art reinforcement learning.

The complexity of achieving fairness in resource management for 5G is further compounded

by the presence of multi-tenant multi-resource based slice admission control. To address

this challenge, we propose a solution that involves constructing a state-space comprising of
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resource demand and auction constraints. Additionally, we introduce a rewarding objective

that is specifically designed to optimize revenue maximization.

This chapter aims to achieve the following:

1. Model an RL environment containing bidding information considering tenant QoS

demands.

2. Employ Q-learning to perform slice admission control

3. Presents a positive economic utility maximization and an admission control mechanism

based on RL outcome.

4. Presents an analysis from simulations to prove that RL based technique can improve

positive utility while maintaining fairness in slice admission control.

5.2 System Model

As part of the work in [77], this chapter considers a set of users who are associated to a

VNO. In a multi-slice scenario a VNO may subscribe to one or more slices of similar or

different classes. A VNO is considered to place a slice request as a bid information through

a bidding controller owned by an InP. Users with similar latency requirements are virtually

zoned together analogous to [104], this allows the VNO to uniquely define a slice request

and the bid data as shown in Figure 5.1.

Each bidding information describes a VNO’s preference. These preferences are unique to a

slice request and a VNO. Network functions virtualization (NFV) is utilized to orchestrate a
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Figure 5.1: Network Model with an Auction Controller

slice, which is a collection of virtual network functions (VNFs). The resource pool consists

of the non-shareable radio RBs in terms of BBU which is measurable in Hz, computing

resources in CPU cycles and storage resources in GB. A state of the art scheme is adopt

to enable resource virtualization which are orchestrated as a chain of VNFs. A multi-server

scheduling scheme implemented in Chapter 4 is adopted to manage slice arrival prior to slice

auctioning.

5.2.1 Network Model and Architecture

The system model for slice scheduling was introduced in Chapter 4. It is important to

acknowledge that the thesis consistently maintains the shared target of resource management

and admission control. However, several scenarios may be delineated to illustrate the
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specific goals of individual chapters and the overarching objectives of the thesis as a whole.

Furthermore, we shall uphold the establishment of slice models that encompass radio,

computer resources, and any closely associated variations.

In this consideration, a set of users denoted by U = {1, 2, 3..., |U |} are served by a base

station v ∈ V is given by uv ∈ U . A VNO provides a zoning i = [1, 2, 3..I] criterion for users

with similar latency requirement ω. Therefore the QoS requirement for a user u belonging

to zone i under the service of a base station v is give by ωiuv . The power allocation to a user

in zone i is given piuv , similarly each user is allocated a portion of a radio resource cu ⊂ C,

where C is the total available bandwidth assigned to a slice class . Each zone is subsequently

allocation Bi ∈ C. We donate a slice class as n = (1, 2, 3..., N) specific to a set of users

within a zone known as n-Class (nC) slice , hence we can have nCmMTC, nCeMBB and

nCuRLLC as nCm, nCe, and nCu slice categories respectively such that nCm∩nCe∩nCu.

It is assumed that the channel state in between users served by a base station is known hence

the channel coefficient is given by hv[106],[114], hence the received signal is given by;

xiuv =
√
piuvhvqv +

J∑
j=1,j ̸=v

√
piujhj, qj + n (5.1)

where qv is the transmitted signal from a base station and n is the additive white Gaussian

noise(AWGN). The expected signal strength to maintain a slice for the users in being served

by a slice of type n is given by

Xn = E[
U∑
u

xuv,i]∀v ∈ V. (5.2)
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Realistically, the signal from another base station would cause interference to a user on

another base station. Hence the signal to interference-plus noise ratio is given by

SINRu =
piuvhv∑J

j=1,j ̸=v p
i
uj
|hj|2 + σ2

(5.3)

where σ2 is the noise power. We now define the total ergodic downlink throughput per slice

as

rn =
∑
u∈U

Bi log2(1 + SINRu) (5.4)

During the bidding process, the bid information must be populated with the slice resource

requirements, namely; data throughput, latency requirement, slice lease duration, and the

computing requirement, we continue the model description by illustrating the computing

resource model.

5.2.1.1 Computing Resource Model

The computing resource required per slice class incorporates the virtualized CPU cores

and random access memory (RAM). In the zoning criterion employed, users with similar

computing requirement are zoned together. Each user in a zone is associated to a portion

zu ∈ Z of a finite size memory and RAM gu ∈ G. The memory requirement can only be

orchestrated if there is a hit. We denote the probability that a memory and RAM of size z

and g respectively are placed as part of slice request as;

Pz,g =
1/(z · g)ς∑U

u u
ς

(5.5)
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similarly the probability that the requested memory and RAM will be matched is denoted

by hz,g hence from 5.5 the hit ratio is given by

H = Pz,ghz,g (5.6)

where ς ∈ (0, 1) is the coefficient that follows Zipf distribution [115]. Obtaining the exact

value of hz,g is a complicated task, hence we obtain is estimate by adopting the admission

control policy. To improve efficiency, an InP must refresh the memory unit or dynamically

reassign RAM once a slice exits.

The computing resource hit indicator d = 1 for resource match while d = 0 indicates no

computing resource is available or not enough; hence d ∈ {0, 1} is a two state Markov model

[116] given by.

dt =

[
dt=0 dt=1 dt=2 ... dT−1

]
(5.7)

here t denotes the instantaneous time for which the computing resource is required. The

total memory and RAM requirement per slice is therefore denoted by

ρmem,i,n =
U∑
u=1

T−1∑
t=0

dtz
u
t (5.8)

ρram,i,n = H
U∑
u=0

T−1∑
t=0

dtg
u
t (5.9)

The computational model comprises of the size of task and the number of CPU core required

per slice . We denote a CPU task as Ω{ot, qt}, where ot is the instantaneous size of the task

and qt is the task size per CPU. The computational capacity given by CPU cycles per second
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assigned to a slice n is therefore given by βn. By modifying model in [116] the numbers of

CPUs per slice is given by

fn = U

T−1∑
t=0

Ω(ot)

βnΩ(qt)
× dt (5.10)

In the next section we outline the auctioning process employed for multi-tenant leveraging

granular bidding information while aiming to improve fairness.

5.2.2 Online Slicing Auction Problem

In the conventional auctioning framework, bidders cannot express their preferences, resulting

in a significant degree of inefficiency. In the proposed model, a VNO is granted the explicit

permission to possess a bidding preference, as the underlying resource demand is determined

by use cases of different users. However, in order to acquire a network slice, the tenant’s

slice request must go through a competitive bidding procedure. Every VNO is associated

with a set of users linked to a particular slice. The VNO resolves the issue of slice demand

by purchasing a resource block from the InP specifically for user centric services launched at

the access end. In order to acquire a slice, the VNO engages in a resource auctioning game

that is overseen by an agent known as an auctioneer. To efficiently carryout the auctioning

process, a new double sided auctioning game is employed. Conveniently, both the VNO and

InP send there valuation of a slice to a central agent as Vbid and Vask respectively. We

denote V+ as the positive utility achievable when Vbid > Vask hence:

U+ = Vbid −Vask (5.11)
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During the bidding process, a record containing both bid information and a slice valuation

is sent by a VNO. This is defined as a tuple given by:

ϕbid,n = (rn, ρmem,i,n, ρram,i,n, fn, Tn,Vbid,n, ln) (5.12)

where Tn is the slice duration and ln = 1
U
∑

u∈U ω
i
uv is the average latency requirement per

slice. The profitability of the auctioning game is achieved by maximizing the positive utility

given by equation (5.13)

max
n∈N

U+
n =

I∑
i=1

N∑
n=1

(Vbid,i,n −Vask,i,n) (5.13)

and the selling price given by::

ηn =
I∑
i=1

(
N∑
n=1

ηopt,i,n −
J∑

ȷ̸=n

ηȷ) (5.14)

Where ηȷ represents other valuations as if the winning bidder was absent and

ηopt =
∑
n∈N

U+
nTn

li(rtot,i,nδdata + ρmem,i,nδmem + ρram,i,nδram + fi,nδcpu)
∀i ∈ I (5.15)

the variables δdata, δmem,δram,δcpu represents the unit prices per data rate, memory, RAM

and CPU respectively.

Problems 5.12, 5.13 and 5.15 are subject to:

C1 : ωiuv < ωth (5.16)
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C2 : dt ∈ {0, 1} (5.17)

C3 : U+ > 0 (5.18)

C4 :
∑
n∈N

[ρmem,i,n + ρram,i,n] < ρtot : ∀i ∈ I (5.19)

Equation 5.14 conforms to the VCG auctioning model in[117]. Constraint C1 represent

the QoS threshold required by each slice. The control variable for slice admission in the

cloud network for computing resources is C2. The constraint C3 indicates that the social

welfare must remain positive for the maximization of profit. The overall computing memory

resources allocation per slice is denote by constraint C4.

The auctioning process outcome combined with resource constraints are limiting parameters

that periodically control slice admission process leading to a dominant strategy. In this

work, the dominant strategy is achieved when an action with a positive utility coupled with

a resource request that incur improved revenue for short term contracts are admitted. In this

regard we define a parameter known as the value indicator VI given by VI = Total slice cost
Total slice duration

which is applied so that if a bidder pays more for a short term slice then VI is improved.

When a resource block or slice is sold at selling price {ηi,n = η̄} [117], under dominant

strategy then the agent is on track to reach optimality. where (η̄n ≥ Vask) is known as the

hammer price.
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5.2.2.1 Auction controller and Bid Price Update under Resource Constraint

and Peak Load Time

Algorithm 2 below illustrates the auctioning processes by the auction controller. A bid can

be accepted only if it generates a positive utility U+ or when it is withing the NE criterion.

Algorithm 2 Auctioning Process by the Auction Controller

1: Result: Successful bid
2: Input:Observe bids(Vbid and Vask)
3: if Vbid > Vask then
4: U+ = Vbid −Vask

5: else
6: Calculate (µ = log

(
Vbid
ln

)
)5.20

7: end if
8: if µ < Threshold then
9: Flag bid as unfair
10: else
11: Obtain the next slice request and move to step 2
12: end if

The resource bid update procedure by the InP depends on resource availability and

unsuccessful bid due to high prices and bid requests during resource scarcity due to peak

work load time. To tackle this problem, the following assumptions are initially made.

• An auction is truthful only when a bidder reveals true valuation.

• The InP adjusts prices dynamically based on resource availability and demand

parameters.

Algorithm 3 describes the bid price update procedure. The InP monitors available resources

periodically and then aligns each bid to current bid price. Resource constraints described in

section 5.2.2 can not be violated in this bid update procedure. The InP sets a competitive
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current bid price for auctioning. This bid price cannot be revealed to the a VNO. A minimum

step to increase bid is also set by the InP as well as the maximum bid limit. If a bid

is successful then the InP has to maintain the bid price or slightly decrease it to remain

competitive. Conversely, if there is an unsuccessful bid and resources are available then the

current bid has to be updated. Further, if available resources are less than the threshold

and demand level becomes high then the current be is updated according to line 17 in the

algorithm. If peak load persists the the updated bid remains the maximum bid limit.

Algorithm 3 Bid Price Update under resource constraint and peack overload time

1: Result:New Bid Price
2: Input:Available Resource
3: Input:Number of Incoming Request
4: Input:Current Bid Price
5: Input:Minimum Acceptable Resource Level
6: Input:Flag Indicating Workload Periods
7: Initialize:Initial Resource Value
8: Initialize:Minimum Step To Increase Bid
9: Initialize:Max Bid Limit
10: if Bid Succesful then
11: Maintain bid or slightly decrease bid to remain competitive.
12: else
13: Bid Unsuccessful and Resource Available > Threshold Resource
14: Update bid= Current Bid + Min Bid Increment
15: end if
16: if Resource Available ≤ Threshold Resource and Demand Level is High then
17: Update Bid = Current Bid + (2*Min Bid Increment)
18: else
19: Peak Load Active
20: Updated Bid = Max Bid Limit
21: end if
22: Repeat
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5.2.3 Incentive Compatibility and The Nash Equilibrium(NE)

The competitive approach of network slice acquisition employed by an InP is likely to

necessitate untrue preference declaration by a VNO in order to win a bid, this is an unfair

strategy. As a result, a valuable bidder is likely be bypassed. If a resource buyer changes

its valuation Vbid with the intention of winning, our approach enforces fairness by providing

the Nash equilibrium (NE) which goes as follows. The QoS indicator ln is used as a weight

balancing controller between the latency requirement of a slice and the resource valuation.

For instance, the higher the valuation the smaller the latency requirement.

We illustrate this in equation (5.20)

µ = log

(
Vbid

ln

)
(5.20)

where ln is the average slice latency requirement. It should be noted that, any bidder cannot

alter the bidding information without affecting the QoS index requirement and the InP’s

response. To explain this concept further, consider a bidder who wishes to maintain the

same QoS index but unfairly increases the valuation in order to win a bid. Equation 5.20

will not be satisfied without reducing the latency requirement, furthermore, such a move is

likely to violet the SLA between the VNO and the InP. Finally the fairness index [117] [118]

is defined by equation (5.21) as

D(U) =

(∑N
n=1 Un

)2
N(
∑N

n=1 U
2
n)

(5.21)
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5.2.4 Reinforcement Learning: State, Action and Reward Func-

tion

As already postulated, RL relies on a Markov decision process (MDP) formed as tuple

{s, a, r , s’} where s is the observed state, a is the action taken, r is the reward obtained

and s’ is the next state under state transition model [46]. We revise the definition of the

state,action and reward values to fit the context in this section. The environment comprises

states, possible actions and the reward value. Since Q-leaning is employed, the algorithm is

an off-policy and state transition is dependent on state arrival and not transition probability.

5.2.4.1 System State

The system state is modeled from the bidding information provided by each tenant n at

discrete time t = {0, 1, 2, ...T − 1} which is given by a tuple in equation (6.26)

s(t) = {ϕbid,n(t),Vask,n(t),Γn} (5.22)

where ϕbid,i,n(t),Vask,i,n(t),Γn are the bidding information, the InP’s asking price and the

total remaining resource units at time t respectively. Between time t = 0 to T − 1 the InP

readsM requests from a holding queue. We assume that each bidding information forms a

part of a finite state space s ∈ S . The dynamic state space S changes during each iteration

as it must be updated to reflect the total available resources. Similarly, the ability to meet

the QoS requirement after each admission must also be updated. The InP cannot admit a

slice when resources are depleted hence the agent must learn this strategy.
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5.2.4.2 Action Space

The action space is modeled as a binary variable a(t) = {a(0), a(1) . . . a(T − 1)} such that

a(t) ∈ {0, 1} represents an action at time t where 1 indicates a successful resource auction

and an eventual slice admission and 0 otherwise. After every action a(t) the agent obtains

the corresponding reward r(t) which is used to update the Q-values in the Q-table [46].

5.2.4.3 Reward

Intuitively, RL learns by maximize the reward through the evaluation of each action. The

reward function is modeled to optimize action selection (slice admission control) while

considering all constraints. A reward r(t) = χ is maximum when right action is taken

and minimum otherwise.

In order to assure complete slice isolation, the InP must guarantee all resources required

to instantiate a slice. Let λ = 1 denote full resource availability and successful auction, 0

otherwise. The reward function employed can therefore given by equation (5.23 and 5.24)

r = a(t)log(ηopt,i)µVI : if λ = 1 (5.23)

else

r = (1− a(t))log(ηopt,i)µVI : if λ = 0 (5.24)
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5.2.5 Q-Learning Model

The objective of Q-learning in Algorithm 3 is to build a map of optimal actions and their

corresponding states s ∈ S. This however, is not complete until this map is retrieved. The

retrieval of this mapping is known as policy retrieval. Once the policy retrieval is complete

the system is now aware of all possible bids under resource constraint for slice admission

control. The policy retrieval algorithm is given in Algorithm 4. The Q-learning is built

based in the classical Bellman’s equation given in 5.25.

Q(s,a) = (1− α)q(s,a) + α{rt + γmax
a′

q(a’,s’ )} (5.25)

Where α is the learning rate, γ is the discount factor and R long-term reward. Q(s,a) is

the Q-value at action a after visiting state s

5.2.5.1 Space and Time Complexity of Q-learning in Algorithm 3

The dominant storage requirement of the algorithm is the Q-table, which holds a value for

each state-action pair. Thus, if there are |S| states and |A| actions, the Q-table requires

O(|S| × |A|) space. In addition to the Q-table, the algorithm may also maintain a copy of

a policy network (the target network) and several environment parameters. However, these

additional components typically require much less memory compared to the potentially large

Q-table, so overall the space complexity is primarily O(|S| × |A|).

The algorithm features nested loops over episodes and within each episode, over iterations

defined by indices m and t. If we denote the number of episodes by E, the number of
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Algorithm 4 Q-Learning for Auction based slice admission control

1: Result: Q-Table, Reward Per Episode
2: Input:Initialize learning parameters(γ, α, ϵmax)
3: Input: Initialize environment parameters (ϕbid,n(t),Vask,n(t),Γn, r(t), a(t))
4: Input: Initial Q-table ( [Q] = 0)
5: Create a copy of the policy network (Target) with weights θ′

6: while inEpisode do
7: GetInitialState(ϕbid,n(t = 0),Vask,n(t = 0),Γn(t = 0))
8: for m=0 to M-1 do
9: for t = 0 to T do
10: if exploration rate > ϵ then
11: Take greed action
12: else
13: Choose random action (a ∈ [0, 1])
14: end if
15: Update Γn
16: Find next-state(s = st+1)
17: Obtain reward by Eq 5.23 or 5.24
18: Update Q-table by Eq.5.25
19: m=m+1
20: end for
21: Update Exploration rate using (ϵ = ϵmin + (ϵmax − ϵmin)e−δ×episode)
22: end for
23: end while
24: Return Q-table

Algorithm 5 Q-Learning Policy Retrieval for Auction based slice admission control

1: Result: Table of actions and states
2: Input:Initialize States(γ, α, ϵmax)
3: Input: Initialize environment parameters (ϕbid,n(t),Vask,n(t),Γn, r(t), a(t))
4: Input: Initial Q-table ( [Q] = 0)
5: Create a copy of the policy network (Target) with weights θ′

6: while inState and Action Space do
7: GetInitialState
8: Obtain Optimal Action and Corresponding State
9: Obtain next state m=m+1
10: end while
11: Return optimal actions and corresponding states
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Table 5.1: Simulation parameters

Hyper parameters
Parameter Value
Discount rateγ 0.09
Learning rate α 0.001
Maximum exploration
rate ϵmax

1

Minimum exploration
rate ϵmin

0.001

Exploration decay
rate δ

0.01

Number of episodes 1000
Other parameters

Parameter Value
Latency range 1ms-100ms
Carrier Frequency 400MHz
Subcarrier bandwidth 60KHz,120KHz
Thermal noise -174dBm
Task per cpu 10GB
Path loss 72+30log

(d)[119]

iterations (or sub-episodes) by M , and the number of time steps per sub-episode by T , the

total number of iterations is O(E × M × T ). Within each iteration, actions are chosen

(either greedily or randomly), rewards are computed, and the Q-table is updated—each

of which is typically an O(1) operation. However, if the greedy action selection requires

scanning through all actions, that could introduce an O(|A|) factor per iteration. Therefore,

the overall time complexity becomes O(E ×M × T × |A|). In practice, if |A| is small or

optimized, the per-iteration work remains effectively constant, yielding a time complexity

linear in the number of iterations.
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5.2.6 Simulation and Results

The simulation process and results are discussed in this section. Table 5.1 refers to

the simulation parameters. The hyper-parameters are carefully chosen and tuned to fit

the simulation environment. The other parameters are derived from existing standards

applicable to 5G networks and similar criterion[4][120][121]. We leveraged 5G new radio

(NR) FR2 parameters considering the time division duplex (TDD) major bands on a single

tier macro base station. In this case we consider a maximum achievable bandwidth of

400MHz at a maximum sub-carrier bandwidth of 120kHz with 264 channels for the radio

RBs. The cloud based computing requirement is divided into the number of CPU cores and

RAM requirement per slice per unit time normalized into unit RBs.

To validate this study we compared the work with well researched admission criteria, notably,

random based admission (RBA) and greedy based admission (GBA) and published part of

the study in [77]. Perhaps, we need to cautiously state that, from literature no work was

found to have implemented auction based slice admission control with RL criterion at the

time of publication.

In the simulation, we considered a single task of 10Gigabytes requiring 106 CPU cycles per

second. Initially, we simulated the probability of accepting a slice request to justify the quest

for this approach. The findings depicted in Figure 5.2

Following every admission control instance, the agent ability to admit more slice request

is evaluated. The revelation from Figure 5.2 implies that the three techniques tested had

similar behavior for the first 1500 slice requests depicted an average probability of accepting
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Figure 5.2: Admission probability of each scheme

a request at 0.6 before resource depletion where the probability average dropped to 0.2. This

probability is calculated as a ratio of the overall available network resources to the required

portion.

The Jain’s fairness indicator in Eq. 5.21 provides a comparative measure of how fair each

scheme performed. With 68.2% level, the LBA presents an improved fairness in distributing

admission consent among nCm, nCe, and nCu slice categories in comparison to 27.8%

and 4.0% of the RBA and GBA respectively. Concretely, as the agent policy evaluation

improves, the algorithm learns to evaluate between short-term contracted slices with strict

QoS demands and long-term applications with relaxed elastic QoS. Further, the agent learns

to balance the trade-off between generating more long-term revenue by allowing resources to

be held by slices for extended period or by admitting short-term slices with increased slice

request turn-over but moderate revenue.
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Figure 5.3: Fairness percentage for each slice admission scheme

Figure 5.4: Projected social welfare
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In Figure. 5.4, we present the effect of auctioning by determining the social welfare which is

the cumulative utility over all episodes. The RBA scheme progressed with improved social

welfare prediction initially due to numerous successful random auctions and eventual slice

admissions. This randomness however, remained inconsistent and failed to produce positive

utilities. This indicates that, the social welfare is dependent on accurate slice admission by

reducing the gap between the social welfare obtained through learning and slice with global

optimal revenue. The LBA through initial exploration and eventual exploitation gradually

learned when to auction resource and admit slice requests and presented a progressive

improvement in long-term social welfare for the tested 2500 slice requests. The GDA

performed poorly due to consistent exploitation of non optimal states leading to largely

negative utilities.

Figure 5.5: QoS Index vs slice admission
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Figure 5.6: Illustration of average reward build up during learning

After every slice admission the InP must check its ability to meet the QoS for remaining

slice requests. This ability is calculated as a function of the a quantity which represents the

remaining resources known as the QoS index in Equation 5.20 shown in Fig. 5.5. The QoS

index deterioration is considerably similar in all the schemes, however LBA still performs

better than the other two schemes. This prediction shows that, the QoS cannot remain

constant in an active episode as such implication is a false representation of the network

status. The turning point at 1500 slice requests represents the resource depletion region. At

this stage network resource are considered to be depleted and any subsequent slice admission

only attracts penalties due negative QoS indicator or index.

In Fig 5.6 we finally demonstrate that LBA reaches near optimal at approximately episode

600. This contrast both GBA and RBA which remains non optimal through all iterations. It
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is clear that LBA performs better for the tested events meeting the goals set at the beginning

of this paper.

5.3 Chapter Summary

To address the challenge of slice admission control and efficient resource allocation, this

chapter presents an auction based slice admission control to provide a QoS aware admission

control while maximizing revenue. We have shown that, compared to RBA or GBA, the

LBA scheme has greater control on admission selection enabling valuable resource tenants

to be admitted. We have shown that the proposed algorithm allows the InP to limit losses

by restricting slice admission to those that can achieve the auction goal and have the highest

value.
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Chapter 6

Enhancing 5G Network Resilience with

Machine Learning based on Network

Slice Admission Control

6.1 Introduction

Network slicing is still the main strategy in the allocation of resources for various 5G network

functions via network function virtualization. This advancement is aimed at facilitating the

logical allocation of resources to accommodate the expected increase in network resource

requirements. Several benefits can by achieved through automated scheduling, auctioning,

and orchestration for effective management. This chapter introduces network resilience

maintenance leveraging slice admission control. While 5G network resources can be allocated

to sustain a slice, ongoing examination and adjustment of logical allocation and real-time

network assessment are necessary to maintain network resilience. The intricate task of

utilizing slice admission control to uphold 5G network resilience is investigated henceforth.

To tackle this issue, this chapter presents a machine learning-based approach for slice

admission control and resource allocation optimization to ensure network resilience.

Machine learning algorithms provide a potent means of making robust and autonomous

decisions, essential for effective slice admission control. By intelligently allocating resources

in response to real-time demand and network conditions, these algorithms can contribute to
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long-term network resilience and the achievement of key objectives. While various machine

learning algorithms show promise for 5G resource management and admission control,

reinforcement learning (RL) has emerged as an especially promising solution. Its capacity to

mimic human learning processes renders it a versatile solution well-suited for addressing the

persistence challenges of network control. To address this need, we propose a new technique

called sequential twin actor-critic (STAC). Simulations demonstrate that STAC enhances

network resilience through improved admission probability and overall utility.

The consensus among major stakeholders and industry players in fifth-generation (5G)

communication technology is that network slicing will serve as the primary facilitator of

dynamic resource allocation.[15].Network slicing enables users to establish precise quality-

of-service (QoS) criteria for resources, allowing them to efficiently accommodate virtual

functions on the shared physical infrastructure. Despite offering improved flexibility,

scalability, and adaptability, the success of this technology relies on the implementation

of agile optimization methods to meet predefined slicing objectives.

The application of these optimization methods equips InPs with effective means to efficiently

achieve their slice admission control objectives. Some of the widely recognized slice admission

control objectives encompass user maximization, revenue optimization, QoS control, fairness,

and slice isolation [1].

To enhance resilient outcomes in slice admission control, an InP must choose an optimization

approach that offers both flexibility and intelligent decision-making capabilities. This

decision should be based on interaction with either available data or the contextual

information surrounding it. While historical data have been used to forecast crucial network
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behavior, aiding informed decision-making [122], they might be costly and scarce [15].

Additionally, given the anticipated rapid evolution of network services and functions [64],

depending solely on historical data may not yield accurate prediction into network behavior.

Slice admission control can initiate network status updates by enabling a trained machine

learning agent to respond based on an aggregated dataset comprising both slice requests and

real-time network status information. Furthermore, RBs can be allocated and adjusted to

a network slice for service chain orchestration in both RAN and CNs after evaluating the

network condition, thus completing the slice admission control process.

The use of a non-optimized slice admission control process can be misleading, as each

admission control is closely tied to an objective specifically designed to fulfill a user-defined

QoS, which must be maintained throughout the slice orchestration process. In this context,

any QoS deterioration will always attract SLA penalties. On this note, an InP is motivated

to deploy autonomous self healing resilient system.

Moreover, optimal slice admission control must account for numerous network constraints,

some of which are inelastic and cannot be relaxed, in conjunction with the non-linearity of

network entities. As highlighted in [1], the formulation of the objective function tends to

become mixed-integer and non-linear. Many of the approaches employed to solve mixed-

integer problems introduce a certain level of computational complexity. This challenge can

be addressed by leveraging the generalization ability of machine learning, thereby obviating

the need to relax many constraints.

Among various machine learning techniques, reinforcement learning (RL) has been a

prominent method advocated by numerous researchers to improve network control and
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optimization [64]. Slice admission control objectives have been addressed using RL, taking

into account individual user and network scenarios. For instance, an RL-based slice admission

policy can be employed to maximize long-term time-varying profit over an episode duration,

denoted as t, as illustrated in Equation 6.1 [123].

P =

∫
pi(t)dt (6.1)

where pi is an instantaneous profit acquired when a slice i is admitted. The learning agent

controls the admission process by evaluating resources at the central office, optical back-haul

and remote data centers.

6.2 Overview of Machine Learning based Slice Admis-

sion Control for Network Resilience.

Precise predictive modeling is crucial for effective decision-making in network management,

presenting a multifaceted challenge. Furthermore, as the granularity of the evaluated data

expands, so does the complexity of this task. In the realm of slice admission control and

network resilience maintenance for 5G networks, there is a notable lack of comprehensive

research exploring the utilization of multidimensional data in multi-stage reinforcement

learning (RL). This gap underscores the necessity for investigating efficient slice admission

control and resource adjustment strategies to enhance the resilience of these networks. In

this section, we delve into related works in this field, highlighting their constraints. These

limitations have acted as the driving force behind the inquiry in this chapter.
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The study presented in [124] introduced a joint resource allocation and slice admission control

mechanism for fog-RAN. By incorporating the advantage actor-critic (A2C) technique,

notable enhancements were achieved in managing continuous action spaces, leading to

improved efficiency and stability. However, the research overlooked the complex challenge

arising from multi-dimensional state spaces in scenarios involving multiple users and slices,

indicating the need for additional exploration and consideration coupling the need to

maintain network resilience.

Bakri et al. in [125] made a significant contribution to this field by exploring the feasibility of

utilizing the stability of deep Q-learning and regret matching. They comparatively evaluated

the effectiveness of these techniques in maximizing slice admission while penalizing violations

of service level agreements (SLAs). However, the study’s simplistic focus on maximizing

slice admission without considering the adjustment of network resources to ensure resilience

highlights a limitation in assessing the broader network requirements and is essentially greedy

in nature.

The continuous and enduring pursuit of minimizing time complexity in training reinforcement

learning (RL) models is a broad challenge. In the work presented in [126], the authors

proposed RL-based ensemble learning specifically for slice admission control, aiming to reduce

learning time as a primary objective. The state-space elements in their approach were limited

to throughput rate, error rate, and available resource blocks. However, a more flexible and

scalable state space, as demonstrated in our study, would represent an enhancement in

the effectiveness of a model for reducing time complexity during the learning process in

the pursuit resilient performance. Continuing the exploration of slice admission control,
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the authors in [127] introduced dynamic slice allocation and admission control to optimize

the number of users, while evaluating network parameters such as QoS, network load, and

predictive load.

6.3 System model

The continuing quest to improve slice admission control and its application to achieve a set

network objective has been established in Chapter 4 and 5. We continue on the same note

by revisiting some key entities in network slicing referenced in Figure 6.1

In our scenario, we have three key participants. Firstly, there is the user who requires a

portion of slice service to run an application and may not be aware of service limitations.

Secondly, we have the tenant, who initiates a slice request to an Infrastructure Provider

(InP). The tenant faces the challenge of crafting an appropriate slice request that closely

aligns with the demands of a group of users. Lastly, there is the InP, who owns the physical

infrastructure and has the ability to create virtual resource pools to accommodate a specific

slice. The InP generates revenue by admitting the requested slice and assigning a price to

it. Additionally, the InP has the capability to adjust a slice to prevent compatibility issues

and duplication.

An InP plays a pivotal role in overseeing a slice package by ensuring several key parameters:

maintaining the user count within specified limits, preserving spectral resource availability,

managing cloud resources, preventing the orchestration of duplicate or incompatible slices,

allocating optimal power per user, and constraining interference ratios. However, these
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Figure 6.1: Network model

constraints collectively give rise to a complex, non-linear, and non-convex problem,

presenting significant challenges even in relatively straightforward configurations.

To address the slicing problem, this section introduces a model for the individual components

needed to formulate a multidimensional slice request. Each slice is supported by an

asymmetric physical downlink shared channel (APDCH), whereas the uplink connection

is assumed to have minimal data rate requirements with acceptable latency.

We denote the set of slice classes for each user application as c ∈ C with a cardinality of C =

|C|. A slice request of class c is characterized by a Poissonian arrival rate λc (requests/sec)

and a processing delay of tc. Each user u ∈ U is associated with a gNodeB (gNB) b ∈ B and

receives fixed-sized packets according to the slice type. Each user can be allocated a portion

126



of power pu,b assuming each user associates with one gNB at a time. The expected power

required to service a slice of type c serving u is given by:

Pc =
∑
u∈U

pu,b (6.2)

However, optimal power allocation can be achieved by employing the water filling algorithm.

We proceed by deriving the power allocation per user leveraging a modified water-filling

algorithm in [128]. If the are n ∈ N downlink channels serving all the users such that U = N,

it is then convenient to mention that, the total allocated power PN serves all users. Let Gn

denote sub-channel coefficient assuming the channel information is known then from [129]

we derive the optimum allocated power to each channel. For a convex objective function

representing a maximum channel rate C with Gn as the sub-channel gain and Pn we have:

C = max
P1,P2...PN

∑
n∈N

log2(1 +GnPn) (6.3)

s.t
∑

n∈N Pn ≤ PN

To solve optimization problem in 6.3 we introduce Lagrangian function of the form;

L(P1,P2..PN, ß) =
∑
n

∫ N

0

hc log2

(
1 +

PnGn

PN

)
℘(σ)dPn−ß

∑
n∈N

∫ N

0

(Pn − PN)℘(σ)dPn (6.4)
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The Lagrangian multiplier ß accounts for the accumulated power constraint, ℘(σ) is the

probability distribution of the received SNR and hc is the total channel allocated bandwidth.

By differentiating 6.4 and equating to zero we have

∂L(Pn)
∂(Pn)

=

[(
hc/ln(2)

1 + σPn/PN

)
σ

PN
− ß

]
℘(σ) = 0 (6.5)

By solving 6.5, the required water-filling power allocation is obtained as:

Pn
PN

=


1
σ0
− 1

σ
for σ ≥ σ0

0 for σ < σ0

(6.6)

The expected maximum down-link data rate achievable with the allocated bandwidth hc is

Wb given by;

Wb = E

[∑
u∈U

hc log2(1 + ∆u,b)

λctc

]
(6.7)

The signal-to-interference ratio ∆u,b is estimated as follows:

∆u,b =
pu,b

σ2 + Prpint
(6.8)

Where pint = 128.1 + 3737.6log(d) [9] is the interfering power from a co-slice adjacent user

and σ2 is the noise power. At this point we can equate pu,b to Pn and adopt the optimum

power allocation model in 6.6. Pr and pint are the probability of inter-slice inference and the

interference from other gNBs respectively [130].
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The allocation of computing resources involves determining the CPU cycles per second per

slice task and the required memory. To handle the anticipated non-homogeneous tasks, the

CPU performance is graded. The system calculates a unique cost for each task. While some

computing resource requirements can be managed by the Baseband Unit (BBU) function,

this operation operates on the physical layer, and for efficient provisioning, the resources

must be deployed as a logical process. We will proceed by elaborating on the computing

model at the edge cloud, beginning with the modeling of the CPU core requirement based

on the chosen task.

Given a slice type c ∈ C associated with a tenant e ∈ E , the slice requires a processing

rate of ζc bits/sec and has an average duration of lc secs in the server. Each slice task

can be represented as a tuple Qc = {ζc, lc}. The CPU grade assigned to a slice of type c

is denoted by ηmc = {η0c , η1c , η2c , . . . , ηM−1
c }, consisting of incremental values divided into M

discrete grades. The realization of each grade depends on the CPU task, and transitions

between grades follow a Markovian process that can be modeled as follows. The transition

matrix containing the probability of moving from one grade to another is given by.

Yc(t) = [κ(t)]M×C (6.9)

with κ(t) = Pr(Yc(tc + 1) = a|Pr(Yc(tc) = b) such that a, b ∈ η. The computation cost

estimation is provided as follows:

ωmc =
ζclc
fc
ηmc a

m
c (t) (6.10)
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where fc is the number of CPU cycles and amc (t) ∈ {0, 1} represents whether a CPU grade

m has been realized (1) for slice type c or not (0). Ultimately, the total cost incurred for

computing resource subscription is given by Ωcpu
c = ωmc Tc where Tc is the slice duration.

The processing of tasks also relies on the cache memory requirement per slice, which is

determined by a hit ratio. This ratio indicates the probability of establishing an exact cache

match. However, the InP must periodically refresh cache resource blocks to enhance the

efficiency of the hit ratio[131]. If we consider an ith slice request arriving with a Poisson

process of rate λi, then similarly, if vi is a finite cache size then its realization probability is

given by [116].

Pr(vi) =
1

iψ
∑I

i=1
1
iψ

(6.11)

where 0 < ψ ≤ 1 follows a Zipf slope. Hence the cache memory cost per slice at time t

is given by;

Ωvi
c = Pr(vi)λi(t) (6.12)

A successful hit leads to cache RB orchestration otherwise the slice request cannot be

completed due RB deficiency.

6.4 Problem formulation

This section addresses the problem formulation with the goal of achieving optimal revenue

while also addressing the ongoing pursuit of maintaining network resilience.
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6.4.1 Optimizing Data Rate

The admission criteria for network slices specify required data rates for both the transport

network and the RAN. Achieving these rates, particularly for the downlink, relies on the

processing capacity of the BBU and the mitigation of air interface interference. Fortunately,

the BBU has the capability to dynamically adjust its performance to mitigate interference,

given accurate control information about downlink channel conditions. Intelligent nego-

tiation plays a crucial role in this process. Through intelligent negotiation, critical system

adjustments are made to meet the required data rates. Specifically, after admitting a slice,RL

is employed to take additional actions. These actions involve adjusting system parameters

with the objective of minimizing interference and maximizing the downlink data rate.

Increasing data rates in transport networks relies on two primary strategies: minimizing

processing time and selecting optimal routes for data packets. While control plane controllers

such as OpenFlow and iMaster NCE in 5G core are primarily recognized for their proficiency

in route selection (typically via segment routing in the next-generation core), reducing

processing time necessitates an additional layer of optimization. This optimization is

achieved through the implementation of multi-processing mechanisms and multi-queue

scheduling at each network node.

When considering a fixed-size packet ρ ∈ P of length ιρ arriving at a BBU node g with

ϱg processors of equal performance (measured in bits processed per second), and given that

the node performs a multi-queue scheduling of qg queues, where each queue holds an equal

portion of the arrived packet, we can derive the processing time per slice as follows:
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tpro =


ιρ
ϱg

for qg = 1∑
ρ∈P

ιρ
ϱg × qg

for qg ≥ 1

(6.13)

We therefore formulate the data rate maximization problem which indeed is the minimization

of the mean squared bit processing time error given by;

P1 : minφ1 =
1

|E|

(∑
g∈G

tpro,e,c,g −
{

1

Wb,e,c

+
1

Fb

})2

(6.14)

subject to:

C1 :
∑
g∈G

tpro,e,c,g ≤ T max ∀e ∈ E ∀c ∈ C (6.15)

C2 :

{
1

Wb,e,c

+
1

Fb

}
≤ T pro ∀e ∈ E ∀c ∈ C (6.16)

where 1
Wb,e,c

is the downlink bit duration, tpro,e,c is the bit processing time in the BBU pool

and 1
Fb

is the BBU bit processing time adjustment in seconds which is set by the InP in

anticipation of and downlink air interface interference An InP can increase Fb cycles per

second to reduce the bit processing time.

Constraint C1:represents the overall bit processing duration limit set by a VNO which

contributes to the overall latency between the BBU and an end node where the maximum

limit is set at T max.

Constraint C2: denotes the down-link bit duration plus a positive adjustment to cater for

variation in network load the maximum limit is set at T pro.
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6.4.2 Optimizing computing resource allocation

Allocating slice RB presents a challenging trade-off between minimizing slice resource

requirements and maximizing revenue. Additionally, tenants subscribed to a slice aim to

minimize the cost incurred per slice without compromising the requested QoS. Achieving

this balance is complex for the InP, as resource over-subscription tends to degrade the

network performance and result in penalties.In computing resource optimization, we take

into account both the CPU and memory requirements. The objective is to maximize each

resource allocation while ensuring that it precisely matches the requirements of each slice,

without oversubscribing or duplicating slices.

Considering the computing resource requirement, a slice RB is instantiated if there exists

an initial requirement RBinti at a cost Ωinit. Furthermore, an adjustment RBadj at Ωadj is

added only if it is necessary. We adapt the static resource allocation method described in

[132] to facilitate controlled resource matching. This modification ensures that a computing

RB is instantiated only if an exact match can be allocated. This is give by;

Υc =


1 for [Ωinit ≥ Ω ≤ Ωinit + Ωadj]

0 Otherwise

(6.17)

Each initial RB cost is defined by:

Ωinit =
∑
c∈C

Ωcpu
c +

∑
c∈C

Ωvi
c (6.18)
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To improve RB assignment efficiency, the RB adjustment cannot be more than the initial

requirement, this is also fair as a tenant has to place an estimated, accurate demand that is

capped at a cost Ωref . The controlling constraint is given by.

Ωadj = Ωinit.min(1,
Ωinit

Ωref
) (6.19)

Finally to prevent resource overlap and duplication,we have

[RBinit
c , RBinit

c +RBadj
c ]
⋂

[RBinit
c′ , RBinit

c′ +RBadj
c′ ] = ∅

∀c ̸= c′,∀c, c′ ∈ C
(6.20)

The ultimate goal of the InP is to maximize revenue obtained from slice resource allocation.

The RB orchestration from the computing block accounts for a portion of expected revenue,

this is given by P2

P2 : maxφ2 =

[
1

Ωref

{
(1− Γ)Ωinit

c + Γ
(
Ωinit
c + Ωadj

c

)}
Υc

]
(6.21)

subject to:

C2 : Ωinit
c,e ≤ Ωadj ≤ Ωinit

Ωref
(6.22)

C3 : θc = [0, 1] (6.23)

The parameter Γ ∈ (0, 1) ensures that revenue obtained per slice is not due to overpricing

despite adjusting resource allocation to match the QoS demand. Constraint C2 describes

the cost adjustment limits for RBs allocated to balance resource fluctuations. Constraint C3

134



represents the admission control variable which implies admit if 1 or reject otherwise. The

control parameter is the cost due to resource adjustment level Ωadj

The joint optimization problems is now given as follows;

φtot = T
N∑
n=1

∑
c∈C

[
ϑc
V

log(φn1 )/ log(φ
n
2 tc)

]
θc (6.24)

where θc = [0, 1] is an admission control variable which implies admit if 1 or reject otherwise,

ϑc is the radio RB unit price and V is the maximum chargeable price per slice of type c.

6.5 Problem solution

In this section we introduce a new actor-critic framework with a multi-stage action capability.

By leveraging continuous action space in real time, the system can realistically adjust system

parameters

Considering the temporal nature of the state space, we utilize a stacked three-dimensional

matrix as input to the Convolutional Neural Network (3D-CNN). Each matrix represents

a two-dimensional state space at a specific time. While a Virtual Network Operator

(VNO) typically sends a single slice request to the Infrastructure Provider (InP), our

multidimensional state allows for multiple slice requests to be placed simultaneously.

A slice s is defined as comprising data representing a slice request from a VNO, along with the

measured system conditions. A trap signal delivers network condition parameters, enabling

an Infrastructure Provider (InP) to assess the admissibility of a slice request. Typically, a

state s(κ) is given by equation 6.26, where κ = [1, 2, 3, ..K] denotes the κth request from a
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set of VNO E . The parameter τc represents the slice latency requirement, which is a key

QoS metric.

From equation 6.26, it is evident that a single state has a size of 10×Θ, while the entire state

space has a size of 10×Θ×K. Navigating through the entire state space has a complexity

of O(K), which is advantageous as an entire state matrix can be fed into a convolutional

neural network input embedded in the Deep Reinforcement Learning (DRL) algorithm. The

parameters H(κ),V(κ), D(κ) in the state space represent the cumulative remaining system

resource levels for bandwidth RB, cache, and CPU grades, respectively.

H(κ) = H(κ− 1)− hc(κ)

V(κ) = V(κ− 1)− vi,c(κ)

D(κ) = D(κ− 1)− qc(κ)

(6.25)

It has to be noted that each RB can be allocated independently. If a tenant requests for a

single domain resource it implies that only the requested resource is allocated and charged

with minimal allowable network support.

s(κ) =



W1
b,c(κ) F1

b,c(κ) τ 1c (κ) h1c(κ) q1c (κ) T 1
c (κ) v1i,c(κ) H1(κ) V1(κ) D1(κ)

W2
b,c(κ) F2

b,c(κ) τ 2c,(κ) h2c,(κ) q2c,(κ) T 2
c (κ) v2i,c(κ) H2(κ) V2(κ) D2(κ)

W3
b,c(κ) F3

b,c(κ) τ 3c (κ) h3c,(κ) q3c (κ) T 3
c (κ) v3i,c,(κ) H3(κ) V3(κ) D3(κ)

.

.

.
WΘ

b,c(κ) FΘ
b,c(κ) τΘc (κ) hΘc (κ) qΘc (κ) T Θ

c (κ) vΘi,c(κ) HΘ(κ) VΘ(κ) DΘ(κ)


(6.26)
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6.5.1 Distributed Action Space

An action in slice admission control is a command initiated by the learning agents after

visiting a particular state. The primary objective is to select a slice request, evaluate its

advantage, and decide whether to admit the request or not. This decision-making process

typically relies on a predefined objective, such as achieving the expected Quality of Service

(QoS). However, the commonly used binary decision is insufficient for adjusting system

parameters. In traditional approaches, a separate external process is initiated to perform

system adjustments, which is disadvantageous as it is not integrated into the learning process.

In this work, we employ an action space that reflects practical network observations. A

slice request is admitted with the aim of matching requirements through optimal resource

allocation and improving expected revenue. If a slice cannot be admitted, the system status

remains unchanged. To implement this solution, a multilevel action space is necessary. The

first step involves deciding whether to admit a slice or not, followed by adjusting system

parameters based on the initial decision.

There are two sets of action spaces. The initial space is designed to perform slice admission

control Acont while the latter space is employed for system parameter adjustment or

compensation Aadj. We define the action spaces at time t as:

A(t) = {Acont, Aadj} (6.27)
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where Acont = [aadmit, arej] are slice level actions meaning admit or reject while Aadj =

(adat, acpu, amem, aint) are data rate, cpu cycles, memory adjustments and interference

compensation.

6.5.2 Reward Function

The reward function is designed to evaluate the performance the agent. Each action attracts

a unique reward. We define them as follows.

r(t) =



(rdat + rcpu + rmem + rint + rrej)φtot for Acont = aadmit

Wb,c(κ)hc(κ)Tc(κ)
H(κ)×Wmax(κ)×τc(κ) for Aadj = adat

qc(κ)×Tc
D(κ)

for Aadj = acpu

vi,c(κ)×Tc(κ)
V(κ) for Aadj = amem

log(Fb,c(κ)) for Aadj = aint

1
rdat+rcpu+rmem+rint

for Acont = arej

(6.28)

Each reward value is formulated to reinforce each action the agent takes. This decomposition

is advantageous since it eliminates the ”one fit all” reward function which indeed can be very

complex.

6.5.3 State Space Dimensionality Reduction

The proposed reward functions are not directly applicable to the expected multidimensional

state space. Additionally, to ensure scalability, the state space is allowed to grow either

linearly or non-linearly, a decision left to the Infrastructure Provider (InP). To address the
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challenge of the curse of dimensionality, a tractable procedure is to perform dimensionality

reduction. Kernel Principal Component Analysis (KPCA) is adopted in this study for

dimensionality reduction. KPCA enables extract of important principal components of a

dataset.

If we consider Θ training samples s(κ) ∈ RΘ, the goal is to map the samples into a high-

dimensional space H under a non-linear transformation. This transformation allows the

samples to become linearly separable for PCA. By zero-centering s(κ), the covariance matrix

can be obtained by:

S =
1

Θ

Θ∑
1

s(κ)sT (κ) (6.29)

further, the eigenvectors φ and eigenvalues ψ of S are determined as follows

Sφ = ψφ (6.30)

Generally, mapping the high-dimensional feature map H to the state matrix s(κ) is not

computationally efficient as any increase in dimension would further increase the dimensions

in H. A suitable kernel function is highly appropriate. In this work a kernel matrix K is

derived from the state matrix as

K = s(κ)T s(κ) (6.31)

The eigenvectors and eigenvalues (φ,ψ) of K can be presented as

ψΘφΘ = s(κ)T s(κ)φΘ (6.32)
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Following equations 6.29,6.30,6.31,6.32 the principal component Υ projection and evaluating

according to [84] is derived as:

ΥΘ =
1√
ψΘ

(φΘ)
TK (6.33)

6.6 Algorithms

The action determination for a policy based evaluation method, stochastic policy approach

with parameter θ : π(s, a, θ) can adopt stochastic policy gradient method where actions

are sampled. However for a multidimensional action space, this can be computationally

intensive. An appropriate approach is to adopt a deterministic policy gradient (DPG) [115].

DPG does not perform action sampling instead provides a single value a = Πθ(s) which

is the probability of taking action a after a state s is visited. As already mentioned, an

actor critic approach provides a mechanism for off-policy evaluation in deterministic policy

while maintaining the trade-off between exploration and exploitation. We proceed by briefly

describing the actor-critic method then present the proposed sequential twin-actor critic

(STAC) method.

6.6.1 The Actor Critic Algorithm

The actor-critic framework integrates both value function evaluation and policy determina-

tion. The actor component outputs an action based on a deterministic policy, specifically

the probability of taking an action under the policy parameter θa. In the learning process,

the deterministic policy gradient method is employed for policy evaluation. On the other
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hand, the critic component, whose parameters are updated via gradient descent, evaluates

the action-value using the loss function, which samples parameters from the critic network

and the replay buffer. The deterministic policy of the actor is updated by a parameter

update given by

θ′a = θa + α▽θa J (πθa) (6.34)

Where α is the learning rate ▽θa is the update gradient under parameter θa, J (πθa) is the

objective function of the critic under policy πθa of the actor. The actor gradient can be

estimated by the following expression.

▽θaJ (πθa) ≈
∑
s∈S

▽θa log πθa(s)Aπθa (s, a) (6.35)

where log πθa(s) is the state visitation probability distribution under the policy π. The value

function of the critic is denoted by Qθc(s, a) where θc is the critic parameter. Further, the

critic is updated by TD as:

δt = r′+ γQθc(s′, a′)−Q(s, a) (6.36)

and the critic parameters are updated as follows

θ′c = θc + αδt▽θa Qθc(s, a) (6.37)
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Figure 6.2: Sequential twin-actor critic algorithm for multi-stage slice admission control

6.6.2 Proposed Sequential Twin-Actor Critic Algorithm

As previously discussed in Chapter 1, slice admission control is a binary decision process:

either admitting or rejecting a slice request. However, this method is incomplete as any

subsequent tasks dependent on the admission decision must be initiated by an external

process. This issue is addressed through the implementation of STAC, which utilizes a

multistage procedure for both slice admission control and system parameter adjustment.

The STAC algorithm operates in two stages for slice admission control, each mapped to

distinct action spaces. In the first stage, the action space comprises a decision denoted by

Acont = {aadmit, arej}. The second stage involves a resource adjustment phase represented

by Aadj = {adat, acpu, amem, aint}.

The STAC algorithm, illustrated in Fig. 6.2, employs a multi-stage action process for slice

admission control utilizing a deep neural network (DNN), actor1 approximates a policy
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function, denoted as π1(s, A
cont), to predict whether a slice should be admitted or rejected.

Here, the input to actor1 is the state at time slot t, denoted as s(t), and the output is the

probability of taking an action in the action space Acont after observing the state s(t).

Actor2, forming the second stage of the twin-actor network, consists of a Deep Neural

Network (DNN) tasked with evaluating a policy based on the decision made by actor1,

denoted as π1(s, A
cont), and the current state s(t). The prediction of actor1 serves as a bias

for actor2, strongly influencing its decision-making process. The output of actor2 is the

policy function π2(A
cont, (s, Aadj)), representing the probabilities of taking an action in the

second stage given the current state s(t) and the previous action probability.

The critic component of the STAC algorithm evaluates the performance of the twin-actor

section. It takes as input the current state, action, and the response from the twin-actor. The

output of the critic represents the value function Q(s′, a′), Q(s, a), assessing the performance

of the system.

This algorithm summarizes the STAC approach, where the agent observes the environment at

each time-step during training. It performs admission control based on the current network

status and slice request demand. If a slice is admitted, the agent performs resource allocation;

otherwise, network adjustment is executed. The policy parameters are updated using the

actor-critic method at the end of each time step.

6.6.2.1 Training STAC

The proposed STAC is a variant of DRL which employs two sets of actor DNN and one critic

DNN. Once the replay buffer is full, the training of the twin-actor is initiated. The DPG

143



Algorithm 6 The STAC algorithm for slice admission control and resource allocation
algorithm

Input actor1 and actor2 networks π(s, a) and π2(s, a), critic network Q(s, Acont, a2), the
discount rate γ, the learning rates α1 and α2, the soft update ς
Output: Update network weights

1: STAC tranining
Initialisation : network parameters θ1 and θ2, critic parameter Ψ, target network
parameters

2: for episode = 1, 2...K do
3: Initialize state s(k, ψ)
4: for each time step t = 1, 2...T do
5: Choose random action in Acont, choose action Aadj = π2(s, A

cont)
6: Execute Aadj, move to state s(t+ 1) and obtain

reward r(t) according to 6.28
7: Store s(t), a(t), r(t), s(t+ 1) in the replay buffer
8: Retrieve I samples from replay buffer
9: Update the loss function L = r(t) + γ(critic policy output)− (critic target output)

10: Update critic parameters
11: Calculate gradients: ▽θ1Jθ1 and ▽θ2Jθ2
12: update actor1 and actor2 policy network parameters
13: Update actor and critic target parameters
14: end for
15: end for

method is employed to obtain the policy parameters θ1 and θ2 independently as

▽θ1J (πθ1) ≈
∑
s∈S

▽θ1 log πθ1(s)Aπθ1 (s, a) (6.38)

and

▽θ2J (πθ2) ≈
∑
s∈S

▽θ2 log πθ2(s)Aπθ2 (s, a) (6.39)

The subsequent step is to update the actor parameters as follows:

θ1(t+ 1) = θ1(t) +▽θ1J (πθ1) (6.40)
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and

θ2(t+ 1) = θ2(t) +▽θ2J (πθ2) (6.41)

Once the parameters are updated, the aggregated action and the current state becomes the

input to the critic. The critic parameter is denoted by ψ The target network of the critic

obtains value approximation from the two target networks of the actors as inputs. The

temporal difference error of an n− th sample minibatch data is given by the current n− th

reward plus the weighted value approximation difference of the critic. The critic target

parameter is then updated. The actor target parameters are finally updated using the DPG

criterion described earlier. The training procedure is summarized in Algorithm 6.

6.6.2.2 Space and Time Complexity Analysis of STAC in Algorithm 6

The space complexity also determined by the memory required to store the network

parameters and the replay buffer. The algorithm uses two actor networks and one critic

network, along with their respective target copies. Since these networks are of fixed size (with

a total of P parameters), their storage requirement is O(P ). Further, the replay buffer, which

holds past experiences (each comprising a state, action, reward, and next state), requires

O(D) space, whereD is the size of the buffer. Thus, the overall space complexity is O(P+D),

with the replay buffer often dominating in large-scale implementations.

The algorithm iterates over K episodes with T time steps per episode, leading to a total

of O(K × T ) iterations. At each time step, operations include selecting actions (which are

typically O(1)), storing experiences, and sampling a mini-batch of I experiences from the

replay buffer. The core computational cost comes from the neural network updates—each
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requiring forward and backward passes through the networks. If each update takes O(P )

time (with P being the number of network parameters), then the mini-batch update incurs

O(I × P ) time per time step. Consequently, the overall time complexity for the training

process is O(K × T × I × P ), which simplifies to a linear relationship with respect to the

total number of time steps when I and P are treated as constants.

6.7 Results and Performance Evaluation

In this section we provide a discussion for the simulation results for the study in this

Chapter. We utilize Python 3 along with the corresponding TensorFlow libraries to build

deep neural networks for the STAC algorithm. The algorithm is executed for 10,000

episodes, with each episode containing a variable number of time steps. Table 6.1 outlines

the simulation parameters for slice admission and resource allocation using STAC. The

simulation parameters table contain the hyper-parameters which are carefully tuned to fit

the simulation environment.

The rest of the simulation parameters are chosen to reflect realistic network dynamics and

resource constraints in a 5G slicing environment while enabling effective learning by the

RL agent. For instance, a slice arrival rate (λc ) of 15 and a processing rate (µ) of 20

indicate a moderately loaded system where demand is slightly below capacity, allowing the

RL algorithm to manage queues efficiently. The configuration of 3 queues with up to 10

slices each introduces priority or service class differentiation, mirroring practical multi-service

scenarios. Moreover, provisioning 960 RBs along with a downlink data rate range from

10MB/s (minimum) to 200 M/Bs (maximum) ensures that the simulation captures a broad
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spectrum of radio resource allocations and quality-of-service levels, from baseline connectivity

to high-demand applications.

On the resource management and economic side, the parameters further incorporate cost

and capability factors that are critical for the RL-based decision-making process. The

CPU grade ranging from 1 to 10 models heterogeneous computing capabilities, forcing

the RL framework to optimally match processing power with slice demands. Pricing for

communication, computing, and caching resources—set at 10 units/kHz, 10 units per CPU

grade, and 20 units/MB respectively—introduces realistic economic incentives and trade-

offs. These cost settings drive dynamics within the simulation, ensuring that the RL agent

not only meets technical performance targets but also considers economic efficiency when

allocating scarce network resources.

A comparative analysis between the proposed model and existing algorithms including

conventional actor-critic( CAC), DQL, and Greedy based learning is performed. To validate

our results in this study, the Twin-Actor Deep Deterministic Policy Gradient (DDPG)[115]

and the conventional ADMM approaches are compared

Given the anticipated network fluctuations, our model’s response is to adjust various network

parameters, including the downlink data rate (Wb), the computing grade (ηmc ), and the cache

size (vi). We regulated the downlink rate within the range of 20-100 MB/s. As previously

mentioned, the computing grade ranges from 0 to 10, while the cache hit ratio is defined

by the probability of hit Pr(vi) ∈ (0, 1) as in Equation 6.11. The InP aims for seamless

system performance by automatically adjusting these parameters based on data obtained

from temporal network states, as described in Equation 6.26.
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To simplify the deep neural network (DNN) architecture, we performed dimensionality

reduction using KPCA. The number of principal components ΥΘ was limited to match

the DNN inputs, set at 56. The DNN architecture consists of two actor networks and their

respective target networks. Additionally, a single critic network and its corresponding target

network are included. The simplified architecture is illustrated in Figure 6.2. Each network

is fully connected, comprising only two layers of 50 neurons each.The activation function

adopted for the first actor is binary step while for the second actor we have adopted rectified

linear unit (ReLU). Table 6.1 contains the simulation parameters.

Table 6.1: Simulation parameters

Parameter Value
Discount rate γ 0.09
Learning rate α 0.01
Soft update ξ 0.01
Zipf slope Ψ 0.44

Slice arrival rate λc 15
Slice processing rate µ 20
The number of queues q 3

The number of slices per queue 10
The number of resource blocks (RBs) 960
Minimum downlink data rate Wbmin 10MB/s
Maximum downlink data rate Wbmax 200MB/s

CPU grade ηmc 1-10
Price for communication resource 10units/kHz
Price for computing resource ζc 10 units/grade

Price for caching resource 20 units/MB
Replay Buffer Size 1000

Mini-batch 56

In Figure 6.3, the overall utility is depicted, which is derived from the cost of resources

considering 60 admitted slices. This utility reflects the optimization process outlined in
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Figure 6.3: Overal utility vs slice request for complete allocation

Equation 6.24. The graph illustrates a steady increase in utility across the tested algorithms.

Notably, the proposed STAC algorithm demonstrates an average utility improvement of

approximately 4% for the admitted slices compared to the baseline. This improvement is

attributed to the enhanced accuracy of admission control in the initial network stage and

the autonomous resource adjustment facilitated by the latter stage of the STAC algorithm.

Moreover, this automatic adjustment feature enables the algorithm to effectively respond

to non-deterministic network fluctuations, enhancing its overall resilience. Both the DDPG,

CAC, ADMM and DQL have an average difference of 2% between them for the considered

admitted slices. The Greedy approach has the worst performance with a fall-off of 6% due

to sub-optimal convergence. We further examine the system performance by evaluating the

communication resource blocks (RBs). Figure 6.4 illustrates the utility plotted against the
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allocated communication RBs. In this analysis, we allocated 1100 RBs across 60 admitted

slices. Specifically, we considered the 5G FR1 New Radio (NR) configuration for this

investigation. We selected a cell bandwidth of 100MHz sliced at a single carrier RB of 30KHz.

Figure 6.4: Overal utility vs slice request for communcation RB

This configuration does not support an RB of 15KHz. From this plot, it is observed that

the proposed algorithm outperforms the Baseline with an average improvement of over 50%

across 1100 slice RBs. The linear increase in communication RBs depicts strict adherence

to the standard NR FR1 slicing criterion in 5G wireless networks. The allocation of sliced

computing resources involved determining the number of CPU cycles required by the cache

for each task. Additionally, it’s important to note that the grading system associated with

the vCPUs is computed based on the number of cycles required per slice task. Figure 6.5

represents the utility plot versus the computing resources allocated for 60 admitted slices.
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The STAC algorithm demonstrated an overall improved utility, as VNOs tends to benefit

from the balanced resource allocation procedure outlined in 6.19.

In Figure 6.6, the slice request probability is plotted against the cache size. Generally, with

minimal cache availability, the hit ratio is subdued. However, as the cache size increases,

there is a noticeable rise in the hit ratio, leading to a higher probability of accepting a slice.

With more than 15 gigabytes of cache available, the STAC algorithm consistently maintains

a probability of slice acceptance of over 90%, in contrast to the inconsistencies observed in

the compared strategies. The InP allocates memory resources based on the hit criterion. The

STAC algorithm’s agent is optimized to provide a match for each memory resource request

with minimal adjustment, as depicted in 6.17 and 6.18.

Finally, Figure 6.7 illustrates the effect of data dimensionality reduction on CPU training

time. In this regard, we employed KPCA for non-linear dimensionality reduction. The

simulation results clearly demonstrate that by reducing the data dimension, the training time

is significantly decreased. When testing with a maximum data dimension of 1000, it took

approximately 25 minutes to reach an acceptable near optimality without dimensionality

reduction (No Dim reduction), compared to only 10 minutes with KPCA.

As outlined in 6.33, we matched the principal components ΥΘ to 56 data sets, which was the

minibatch size employed during the training process. It’s important to note that the initial

calculation of both the eigenvectors and eigenvalues is computationally intensive. However,

as the data dimensionality increases, the benefits of reduced dimensions outweigh these

calculations, leading to reduced CPU time for training larger data sets.
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Figure 6.5: Overal utility vs slice request for computing resources

Considering the computational complexity of PCA and KPCA is crucial in determining the

training efficiency of the agent. Both dimensionality reduction techniques are known to

maintain statistical features despite reducing the principal components. In general, when

a dataset with size m and n features is used, PCA has a computational complexity of

O(m2n+m3), while KPCA has a computational complexity of O(m2) [133].

To estimate the computational complexity of STAC, we need to consider the rate of

convergence of a parameterized dual-stage actor-critic. According to [134], the rate of

convergence of a critic can be characterized for a k-step policy evaluation as:

E||Ξk − Ξ∗||2 ≤ O(k−2/3) (6.42)
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Figure 6.6: Probability of accepting a slice considering the available cache size

where Ξk and Ξ∗ are the actual and estimated TD parameters for estimating the value

functions of the critic. The overall convergence rate for both the critic and actor stages of

STAC is therefore estimated by

E||Ξk − Ξ∗||2 ≤ O(k−2/3 + 2k−5/2) (6.43)

In conclusion, the comparison presented in Figure 6.7 highlights the computational

complexity difference between dimensionality reduction with KPCA and no dimensionality

reduction. The experimental results demonstrate an exponential trajectory for both

strategies. It’s evident that dimensionality reduction with KPCA leads to reduced CPU

time when analyzing a complex environment, as observed from the experimental attributes

tested.
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Figure 6.7: Time Complexity Analysis between PCA and KPCA

6.8 Chapter Summary

This chapter presented a slice admission control optimization method called STAC, based

on a multi-stage actor-critic approach. Through an evaluation of 5G resource allocation

for cloud-based slicing, we have demonstrated that this method enhances network resilience

by dynamically adjusting communication, computing, and cache resources which eventually

improves overall utility. Performance evaluation involved comparing the expected utility

of our algorithm against DDPG,ADMM and other variant schemes. Across all resource
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domains, our algorithm consistently outperforms the alternatives, showcasing its effectiveness

in optimizing slice admission control.
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Chapter 7

Conclusion and Future Work

This chapter present highlights of each chapter and a summary of main contributions, results

are summarized inline with set objectives.

7.1 Summary and Main Contribution of the Study

This thesis has presented a study on SAC for 5G wireless network. In this study, cross

domain resource allocation has been considered, specifically focusing on RAN/CRAN, TN

and CN. Resource formulation have been developed for each domain. Complexity analysis

have been attempted, optimization of slicing objective and introduction of a novel multistage

RL for solving multi-dimensional state spaces. The contribution of this thesis are covered in

Chapters 3-6.

This thesis has been organized in 7 chapters with Chapter 1 introducing the thesis by

presenting research motivation, problems state, research objectives, research questions,

research contributions and publications. Chapter 2 presents the research background

by formulating complexity analysis for classical network resource slicing. Specially,

comprehensive analysis is performed on SCA, ADMM, BB,heuristic approaches and briefly

introducing RL.

Chapter 3 investigates RL techniques for network SAC. RL modules namely state space,

action space, reward formulation and state transition models namely (MDP,SMDP) are

discussion focusing mainly of network resource formulation and slicing. Admission control
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policy evaluation schemes are discussed presenting complexity levels from Q-learning to

function approximation.

Chapter 4 investigates the effect of multi-queue multi-server scheduling on slice admission

control. The scenario presents a multi-InP where each InP’s slice request is served by one of

the multiple servers. The study in this Chapter adopts an M/M/C server system for efficient

queue management. The Chapter contributions are stated as follows.

• The transient probabilities are derived and proved. By adopting SDE, the probability

of slices transiting from one queue is presented. It is established that, no closed form

solution to the SDEs exist but a closest estimate may obtain by solving the SDE

representing the transient probabilities.

• The cost function for slice queue occupancy is derived as the main objective in

optimizing slice scheduling. Efficient slice scheduling is expected to minimize the cost

function CF

• The overall scheduling cost is derived a function of both latency and resource related

costs.

This chapter has the following results

• The proposed slice queuing model improves overall efficiency on slice processing as

transition from a server with low processing capability to a server with high processing

capability.
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• The proposed DQL provides improved resource prediction over a 24 hour period

compared to similar schemes. This is particular to the radio resource slicing which

comprises the RB logically sliced by the BBUs.

• The resource cost prediction is shown to align with user behavior considering when

resource availability improves. This is a result of improved accuracy in prediction over

the set period.

Chapter 5 investigated resource allocation fairness and how to optimized overall utility during

SAC. The investigation proceeds to derive a model for improving incentive compatibility

through NASH equilibrium. To tackled the problem of fairness, resource auctioning game

has been employed in this Chapter. Resource modeling for each domain has been presented

and applied as elements of SAC. Policy evaluation with Q-Learning has been employed and

later retrieved. The following are the Chapter contribution.

• Proposed a double side online auction model for a multi-stage SAC where bidders and

auctioneers are allowed to express interests which enhances competition.

• Modeled a double sided bidding information as a learning state-space for the proposed

auction game.

• Proved that, by implement Nash equilibrium, untrue preferences are eliminated thereby

improving fairness in auction based SAC.

The insights gained from the Chapter are listed as follows.

• The probability of slice admission is accurately mapped to resource availability by the

training agent in all the three compared instances namely: LBA,GBA and RBA.
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• The fairness comparison is presented in this Chapter. By adopting the Jain’s fairness

index measurement, each strategy is evaluated based on how fair it performed SAC.

The LBA is established to have an improved fairness of 62.8% compared to 27.8% and

4.0% of RBA and GBA respectively. The fairness evaluation is a degree of measures

where each strategy is interrogated on its ability to achieve a trade-off between greedy

and exploration based admissions.

• The long term utility predicted by LBA, GBA and RBA are presented showing

consistency with the stipulated objective. The LBA algorithm improves long term

utility as opposed to GBA and RBA which shows that the projected utility dips in the

long run.

• The QoS determination is also presented for the three schemes. With increasing slice

admission enabling network resource consumption, the QoS which is a measure of the

ability by the orchestrator to meet a slice requirement is calculated. LBA is shown to

prevent negative QoS

Chapter 6 provides an RL based SAC scheme that enables network resilience in 5G. The

scheme employs a dual RL known as STAC to evaluate slice admissibility and then employed

to adjust network parameters to prevent complete QoS deterioration. In this scenario, An

InP plays a pivotal role in overseeing a slice package by ensuring several key parameters:

maintaining the user count within specified limits, preserving spectral resource availability,

managing cloud resources, preventing the orchestration of duplicate or incompatible slices.

In this Chapter, the following contributions are noted.
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• Derived the formal resource model containing, the spectral, computing and storage

resources.

• Constructed the optimization problems for optimizing data rate and computing

resources.

• The complexity of the learning state-space is tackled by adopting KPCA to identify

principal components.

• Constructed a reward function suitable for optimizing stipulated objectives for

enhancing resilience and the solved by a multi-stage RL known as STAC.

The results from Chapter 6 are stipulated below.

• The overall utility is plotted against complete resource allocation. This is determined

by obtaining a normalized resource allocation per slice and calculating the running

sum over 60 slices. The results show, that STAC has 6% improved utility over the

total number of request evaluated.

• Spectral RB sliced on 5G FR1 numerology is also presented. The overal RB covered

100MHz with each RB slice at 30KHz. By calculating the overall utility obtained when

resource adjustment due to resilience maintenance is plotted, it is observed the STAC

still maintains a 50% overall improvement above Baseline.

• Computing resources in terms of vCPU cycles are normalized and allocated per slice

task. The plot shows STAC maintaining a superior performance over the Baseline.
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• The determination of network resilience is calculated based on the probability of a slice

being accepted considering the available cache. This is one of the results presented.

As the available cache improves so does the probability. The proposed STAC still out

performs the compared schemes in terms of hit ratio.

The Appendices provide further research contribution and results by determining the

application of SAC in improving QoS for 5G enabled mMTC setup. The study investigates

effect of SAC in anomaly aware clustered multi-node mMTC network. The research employs

an RL scheme known as DS-DQL for admission control and anomaly detection. The

contributions from the appendices include a complete model for anomaly-aware multi-node

mMTC network.

For the RL adoption, multiple action-space is required and constructed, this is implemented

on DS-DQL scheme. Results show that DS-DQL improves F1 score compared to the Q-

learning and DQL for all the sets of anomalies.

7.2 Suggestion for Future Work

Although 5G network slicing is being gradually implemented, there still open challenges

which still require further investigation. Some of these open research areas are given below:

• In this thesis, RAN,TN and CN resource domains and slicing have been considered

in slice admission control, it would be highly interesting to investigate the effect of

non-terrestrial domain on the overall slicing objective.
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• Application of double ended resource auctioning has been implemented and results

showed that when combine with Q-learning, a higher degree of fairness is achieved.

This scenario can be extended to the employment of function approximation in DRL

and a comparison made on the results.

• Effect of M/M/C queuing in resource scheduling was investigated, however a

comparison with similar queuing schemes such asM/M/C/K/K, D/M/1 and M/Ek/1

was not investigated. This is an interesting gap that can still be tackled by researchers.

• While employing multi-stage RL to solve slice admission control problem and improve

network resilience a dual stage RL scheme known as STAC was introduced. An

interesting endeavor would be to investigate if it is possible to construct a triple stage

RL and apply it in resource slice in 5G and beyond
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A Appendix I

A.1 Extending Slice Admission Control to Anomalous Massive

Machine Type Communication with RL

mMTC networks are designed to facilitate the Internet of Things (IoT), where millions of low-

powered nodes transmit stochastic telemetric payloads to centralized or decentralized con-

trollers [9]. These IoT systems serve diverse domains, including smart agriculture, factories,

and time-critical services, enabling efficient and reliable production [135]. However, faults

and anomalies within these systems can lead to significant repercussions, causing disruptions

in production and resulting in financial losses. As the expectation of accommodating more

than one million devices per square kilometer in 5G networks becomes a reality, the influx of

massive traffic flow directed towards a centralized controller is anticipated [136]. However,

this surge can lead to faults and anomalies becoming increasingly granular and complex to

detect. Traditional methods that rely on deterministic and regular data may not be suitable

for detecting faults in these scenarios[137]. Several schemes have been employed to perform

anomaly detection with limitations, see[138] [135][139][139][140][141][142], Appendix A-F

provides a new approach leveraging slice admission control.
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B Appendix II

B.1 Anomaly Aware Clustered Multi-node mMTC Network

The radio network comprising nodes adopts the Narrowband IoT (NB-IoT) access scheme

as per 3GPP Release 13 standards. Typically, this scheme utilizes sub-200kHz bands in

standalone operation, independent of LTE and GSM carriers.

Vrx
i

Vi

Vi

Vtx
i

Vrx
j

Gateway

Useful
signal

Interfering
signal

Core
Network

Figure A-1: System model with communication and interference links between devices

The system also adheres to a standard architecture for massive Machine Type Communi-

cation (mMTC) based on OpenFog [120][121]. In this setup, a cluster of nodes running IoT

services sends data to a shared nano data center, also known as an edge node, located within

the base station [138]. Each nano data center is connected to a gateway, which manages

the data flow from the local edge fog. It is assumed that the local edge fog has a direct

link to the core network, although other fog nodes may exist between the edge fog and the
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core. Each cluster is considered to exhibit similarities with any existing co-cluster, thereby

providing homogeneous data.

At the core network, an orchestrator with the capability of performing slice admission control

and anomaly detection is deployed. However, there is also the possibility of conducting

federated anomaly detection at the edge fog. The set of events that can trigger anomalies

are as follows:

1. Congestion: This anomaly occurs when many devices attempt to communicate through

a highly constrained uplink in the bottom-up setup of mMTC architecture, leading to

inconsistent jitter.

2. Energy Usage: mMTC devices rely on battery power. Excessive power transmission

implies inefficient energy usage, meaning that devices are consuming more energy than

necessary.

3. Radio Interference: mMTC devices utilize open radio access to communicate with

edge nodes. Due to the homogeneity in the allocated communication bands, severe

interference may occur. While interference cannot be completely eliminated, extreme

cases must be flagged as anomalies.

Appendix III provides the interference modeling considering the consumed power from each

base station and adjacent clusters.
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C Appendix III

C.1 Interference Modeling for Multi-node Clustered mMTC Net-

work

Considering n = {1, 2, . . . |N |} as the number of devices per cluster. Each cluster c also

belongs to the set of clusters served by a single core processor, this is given by c ⊆ C. The

core network aggregates data from all clusters and perform SAC.

To identify jitter anomalies, the orchestrator maintains the average packet delay from each

end node i ∈ I in a cluster c as a reference. Any fluctuations beyond the predefined threshold

jitter are flagged as anomalies. This is given by:

tdelayi,c = tupi,c ± δt (1)

where tupi,c is the average uplink packet duration from node i in cluster c and δt is the time

delay variance.

The power consumption of each node can be approximated by evaluating the energy

consumption of its transmitter components, including signal processing, transceiver, and

power amplifier units. This estimation assumes that each end node is equipped with a micro

antenna for upward communication. The dynamic power model is derived from the power

consumption under no load and the power consumption under network load conditions.

as[143]:

P load
i,c = msec(mant(Pamp + Ptrans) + Pproc) (2)
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wheremsec and mant are the number of antennas and sectors respectively, Pamp, Ptrans and Pproc

are the internal amplifier, transmitter, and processing power of the end node respectively.

The total consumed power per cluster can be estimated from 2 as

Pcluster =
∑
i∈N

P load
i,c (3)

Due to the limited spectral resources, devices within mMTC networks typically share

common frequency bands [144]. Communication can occur either between mMTC devices

or between an mMTC device and a central node, leading to potential interference scenarios.

It is assumed that the channel gain remains constant throughout a transmission period,

whether between devices or between a device and the central node, although it may vary

independently between symbols, a condition known as quasi-static. Let the communication

between a device-to-device (D2D) pair be represented by Vi, and the communication between

an mMTC node and the central node/edge node be denoted by Vj.

The network model adopted assumes an Okumura-Hata model as described in [145], where

the signal-to-interference ratio between a D2D pair can be estimated as outlined in [146]:

γVi =
P Vi
i,c · (gVi)2

σ2 +
∑

i′ ̸=i∈N P
Vi′
i′∈N ,c · (gVi′ )2

(4)

Where P Vi
i,c is the transmitter power from node i in cluster c on link Vi, gVi is the channel

gain in link Vi. σ is the average noise power. P
Vi′
i,c , g

Vi′ is the interfering power and channel

gain from node i′ on link Vi′ respectively. For the link between a node and the edge node,
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the signal to interference can be estimated as.

γVj =
P

Vj
i,c (g

Vj)2

σ2 +
∑

j′ ̸=j∈N P
Vj′
i′∈N ,c(g

Vj′ )2
(5)

Where P
Vj
n,C is the transmitter power from node n in cluster C on link Vj, gVj is the channel

gain in link Vj. σ is the average noise power. P
Vj′
n,C , g

Vj′ is the interfering power and channel

gain from node n′ on link Vj′ . The overall signal to noise interference ratio estimation can

be represented as.

γ =
∑
i∈N

γVi +
∑
j∈N

γVj (6)

D Appendix IV

D.1 RL Solution to Anomaly Detection Leveraging SAC

SAC and anomaly detection represent a combinatorial problem addressed through a novel

dual-stage double deep Q-learning (DS-DDQL) approach. The DS-DDQL proposed here

consists of two stages of DDQL, where the initial stage handles SAC and the subsequent

stage deals with anomaly detection. When a slice request is made by a virtual network

operator (VNO), a decision must be made regarding its admission. This decision hinges on

the impact of the slice on the quality of service (QoS) level of the network. In the following

section, we define the environment attributes in DS-DDQL.
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D.2 State Space

The state space comprises the network status and the slice request. The training agent

observes the environment at time slot t and collects a state s, defined by:

• spowreq (t): The average power level per node as requested by the VNO

• sdelreq(t): This is the acceptable average slice packet delay variation requirement sent by

the VNO

• sintreq(t): The maximum link interference stated by the VNO

• spowact (t): The actual average power transmitted per node.

• sdelact(t): This the actual average packet delay

• sintact(t): This is the actual link interference as seen by the agent.

The state space can be seen as a dual vector parameter given by s = {sreq(t) =

[sdelreq(t), s
del
req(t), s

pow
req (t)], sact(t) = [sdelact(t), s

pow
act (t), s

jit
act(t)]}. Where sreq(t) is the input to the

initial stage of DS-DDQL agent while sact(t) influences the anomaly detection. The decision

to admit a slice and to classify a status as an anomaly are based on the states, with each

state being mapped to the predefined models in Equations 1, 2, and 4. A slice is admitted

if the following constraints are achievable, considering state sreq(t):

1

N
∑
i∈N

P req
i,c ≥ Pmin

c (7)
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where P req
i,c is the requested average power per end node in a cluster and Pmin

c is achievable

power to sustain a slice. The requested time delay constraint is denoted by

trequp ± δt ≤ tmaxup (8)

where tmaxup is maximum time delay acceptable for the slice. On a similar note, the noise

interference level must be constrained in order to maintain a slice. We have

σ2 +
∑

j′ ̸=j∈N

P
Vj′
n′∈N ,Cg

Vj′ ≤ preqint (9)

where preqint is the acceptable interference power level per cluster. To identify a status as an

anomaly, the agent examines the second set of states denoted by sact(t). To avoid considering

the average cluster power level as anomalous, we define an upper bound constraining the

average transmitted power per cluster as:

Pav =
1

N

∑
i∈N

Pi,c + p ≤ pmax (10)

where pmax represent the maximum power level in watts allowable in a cluster. The expected

jitter on the uplink is only upper bounded because a reduced average delay is advantageous

and cannot be considered an anomaly. We modify Eq. 8 as trequp ± δtact + τ ≤ tmaxup where

δtact is the average actual jitter measured on the uplink. For the interference anomaly, the

edge node V tx
i , which has the capability of estimating the average interference level, relays

information on spectrum sharing and average interference on a selected cluster. The actual
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signal-to-noise-plus-interference ratio is also constrained. The agent can label this parameter

as an anomaly if:

γav =
γ

N
+ Γ ≥ γthVi∀i ∈ N (11)

where γthVi is the threshold level of SINR that can be sustained in the duration a slice is

deployed. The parameters p, τ , and Γ are carefully chosen signal adjustments to create a

gap between the normal value and an anomaly.

D.3 Action Space

The proposed algorithm is designed as a multistage action process where the initial action

space is to perform SAC, while in the next stage, a state is labeled as either belonging to

the anomalies set or not. We present these action spaces as a = {aad(t), aan(t)}, denoting

the actions for admission control and anomaly detection, respectively. Specifically, aad(t) =

{1, 0} indicates slice admission or rejection. On the other hand, aan(t) has eight possible

actions, defined as follows:

• aan0 (t): The agent labels the network status as having no anomaly

• aan1 (t): There is anomalous level of interference in the cluster.

• aan2 (t): There is an anomalous power transmission in the cluster.

• aan3 (t): There is both anomalous power and interference levels in the cluster.

• aan4 (t): There is anomalous jitter in the cluster.

• aan5 (t): There is anomalous jitter and signal interference
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• aan6 (t): There is anomalous jitter and power level in the cluster

• aan7 (t): There is anomalous jitter, power and interference in the cluster

D.4 The reward functions

The agent strives to maximize the reward considering each action. An action aank=[0,1,2..K=7]

attracts a unique reward to update the long term action value. The reward function is

carefully formulated to accommodate each action taken by the agent this is given by;

r(t) =



β + aad(t)
(

γav
Pav−log tup

)2
if aan(t) = 0

β + aad(t)
(

1
γav+Pav−log tup

)2
if aan(t) = 1

β + aad(t)
(

γ+P
− log tup

)2
if aan(t) = 2

β + aad(t)
(

Pav
γav−log tup

)2
if aan(t) = 3

β + aad(t)
(
γav−log tup

Pav

)2
if aan(t) = 4

β + aad(t)
(

− log tup
Pav+γav

)2
if aan(t) = 5

β + aad(t) (γav + Pav − log tup)
2 if aan(t) = 6

β + aad(t)
(
Pav−log tup

γav

)2
if aan(t) = 7

The constant β is a hyper-parameter chosen to make the reward function more positive.

173



E Appendix IV

E.1 Dual Stage Double Deep Q-learning Algorithm

Target
Network 2

Action
Network 2

Target
Network 1

Action
Network 1

Loss
function

Environment

Replay
memory

Network training

Gradient ascent
Soft update

Figure A-2: Dual stage double deep Q learning architecture

The proposed algorithm presented in Algorithm 1 relies on deep neural network to

estimate both the admission policy in the initial stage and the value function for anomaly

detection in the latter stage. Fig A-2 represents the DS-DQL architecture. To optimize the

algorithm we set up an objective function given by the temporal difference expressed as

max
s,a
R =

K∑
k=1

T−1∑
t=0

(r(t) + ζmax
a
Q(s′k, a

′; θ
′

2, µ(sk, a; θ
′

1))

−Q(s, a; θ1, µ(sk, a; θ2))2).

(12)
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The gradient of the objective function parameterized by θ1 and θ2 is obtained by

∇L(θ1) =
∑
k

∇Q(s, a; θ1)|(a(t)=(µ(sk,aad)) (13)

∇L(θ2) =
∑
k

∇Q(sk, a; θ2, )|a(t)=(Q(sk,aad)) (14)

Where L = Q(s′k, a
′; θ

′
2, µ(sk, a; θ

′
1)) − Q(s, a; θ1, µ(sk, a; θ2))2). Each of the action network

parameters are updated based on the gradient accent as

θ1(t+ 1) = θ1(t) + α∇L(θ1) (15)

and

θ2(t+ 1) = θ2(t) + α∇L(θ2) (16)

The target networks are updated through a soft update as ϕ
′
1 = τθ1 + (1 − τ)θ′

1 and ϕ
′
1 =

τθ1 + (1− τ)θ′
1

The two stages of deep neural networks are utilized to estimate both the action policy

and the action value respectively. The step by step procedure in DS-DDQLThe proposed

algorithm presented in Algorithm 1 relies on deep neural network to estimate both the

admission policy in the initial stage and the value function for anomaly detection in the

latter stage. Fig A-2 represents the DS-DQL architecture. To optimize the algorithm we set
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up an objective function given by the temporal difference expressed as

max
s,a
R =

K∑
k=1

T−1∑
t=0

(r(t) + ζmax
a
Q(s′k, a

′; θ
′

2, µ(sk, a; θ
′

1))

−Q(s, a; θ1, µ(sk, a; θ2))2).

(17)

The gradient of the objective function parameterized by θ1 and θ2 is obtained by

∇L(θ1) =
∑
k

∇Q(s, a; θ1)|(a(t)=(µ(sk,aad)) (18)

∇L(θ2) =
∑
k

∇Q(sk, a; θ2, )|a(t)=(Q(sk,aad)) (19)

Where L = Q(s′k, a
′; θ

′
2, µ(sk, a; θ

′
1)) − Q(s, a; θ1, µ(sk, a; θ2))2). Each of the action network

parameters are updated based on the gradient accent as

θ1(t+ 1) = θ1(t) + α∇L(θ1) (20)

and

θ2(t+ 1) = θ2(t) + α∇L(θ2) (21)

The target networks are updated through a soft update as ϕ
′
1 = τθ1 + (1 − τ)θ′

1 and ϕ
′
1 =

τθ1 + (1− τ)θ′
1

The two stages of deep neural networks are utilized to estimate both the action policy and

the action value respectively.

176



F Appendix IV

F.1 Simulation Outcome for the implemented DS-DDQL

The simulation parameters are provide in Table F.1. After training the model in 2000

episodes with 1000 data-sets, we sample 100 with 5% anomaly per classification. We

present the model performance against conventional DQL and Q-learning.

Table F.1

Hyper parameters
Parameter Value
Discount rate 0.09
Learning rate 0.001
Maximum exploration
rate

1

Minimum exploration
rate

0.001

Exploration decay
rate

0.01

Number of episodes 2000
Time step ∆t 1 sec

Other parameters
Parameter Value
Number of data-sets 1000
Normal transmitted
power range

10dBm -
20dBm

Normal packet delay
range

10ms - 20ms

Normal SINR range 40dB+

The simulation results provide visualized comparison between our proposed model, DQL

and Q-learning. In Fig 3 the reward distribution is presented, the proposed algorithm

provide a tightly packed cumulative reward distribution compared to the two baseline.
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Q-learning depicts worst performance with a larger third quartile representing ≈ 60% of

the reward values above the median accompanied with a wider whisker and numerous

outliers. Fig 4 to Fig 7 denotes the F1-score [147] which is a metric deployed to evaluate

the performance of the model as:

F1 score = 2×
(
precision× recall
precision+ recall

)2

(22)

Figure A-3: Performance evaluation of Q-learning, DQL and DSDDQL during learning

Figure A-4: F1 score with no anomaly

From the figures our model maintained anomaly detection accuracy of ≈ 90− 95% while

DQL and Q-learning presented anomaly detection of ≈ 77− 89% and ≈ 63− 78%
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Figure A-5: F1 score with one set of anomaly

Figure A-6: F1 score with two sets of anomalies

Figure A-7: F1 score with three sets of anomalies

respectively, when there was no anomaly, one set of anomaly, two sets of anomalies and

three sets of anomalies.

In general, the DS-DDQL approach provides an improved control in determining a policy

for anomaly detection thereby presented an improved rate of anomaly detection in a

continuous state space with a multistage action space.
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learning approach to 5g infrastructure market optimization,” IEEE Transactions on

Mobile Computing, vol. 19, no. 3, pp. 498–512, 2020. 14, 54

[18] N. V. Sahinidis, “Mixed-integer nonlinear programming,” Optimization and

Engineering, vol. 20, no. 2, pp. 301–306, 2019. [Online]. Available: https:

//doi.org/10.1007/s11081-019-09438-1 17

182

http://arxiv.org/abs/1901.06399
https://doi.org/10.1007/s11081-019-09438-1
https://doi.org/10.1007/s11081-019-09438-1
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