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Abstract

In this thesis, we propose an integrated approach for estimating the performance of

virtual network resource allocation and a Genetic Algorithm (GA) based mechanism

for online dynamic resource allocation in virtualized environment.

The integrated approach is empowered by a novel loss network model with Dy-

namic Routing And Random Topology (DRART), which is combined with some ex-

isting models to create a synergy across different levels through an effective recursive

process. Numerical results show the proposed integrated approach can provide accu-

rate predictions on the performances of general virtual network embedding algorithms.

We propose a virtual link mapping solution, i.e., Segment Based Genetic Algo-

rithm (SBGA), which provides new definitions for genes and chromosomes in the

Genetic Algorithm. Our SBGA approach enables parallel processing for searching

optimal allocations. Our theoretical analysis shows that the execution time of our

approach can be reduced to logarithmic time. To map virtual nodes and links to

physical ones in one stage, we further develop an approach, named as GAOne. Our

proposed GAOne approach applies the two-color graph coloring in graph theory to

guide the crossover process in the Genetic Algorithm (GA) for valid solutions. Our

simulation results show that the proposed GAOne approach is fast and efficient for

online resource allocation applications in virtualized environment.
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Chapter 1

Introduction

In recent years, Network Virtualization (NV) has been receiving significant attention

from both industry and academia as it is proposed to be an enabling technology

for the future virtualized networks such as virtualized 5G network [2, 3], Internet of

Things (IoT) virtualized networks [4, 5, 6] NV can eradicate the issue of Internet

ossification for supporting emerging applications. NV allows multiple heterogeneous

virtual networks (VNs) to coexist on a shared underlying physical network, which

enables sharing the underlying substrate resources among multiple VNs seamlessly,

prevents future infrastructure expansion, and improves network utilization.

Fundamentally, the shared substrate network is a physical topology constructed

by a set of substrate nodes (e.g. servers) that are interconnected by substrate links

(e.g. optical cable, coaxial cable). In a VN, a set of appointed virtual nodes and

the connected virtual links constitute a logical topology. A VN is primarily a subset

of the substrate network resources. NV is designed to accommodate the flexibility,

scalability, diversity and to enhance the manageability in networking [7].

One of the most challenging tasks in NV is resource allocation, which refers to

static or dynamic allocation of the virtual nodes and links into substrate nodes and
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paths, respectively [7]. As mentioned, sharing the actual substrate capacity among

multiple VNs simultaneously and enabling the coexistence of multiple VNs on a single

substrate network decelerate infrastructure expansion in the future, improve the net-

work utilization, and help create a greener network by conceptually reducing power

consumption. Therefore, an efficient allocation of substrate resources is immensely

important, which becomes an optimization problem with a particular objective. An

optimal allocation of VN resources on a physical infrastructure determines guaranteed

end-to-end services to end users. A resource allocation process that is carried on both

nodes and links through the allocation of virtual resources can be radically divided

into two sub-problems: virtual node mapping and virtual link mapping. Virtual node

mapping enables virtual nodes to be allocated to substrate nodes while virtual link

mapping allocates virtual links to substrate paths that connect corresponding nodes

in a substrate network.

The recent application of resource allocation in NV is based on the emergence

of Network Function Virtualization (NFV) [8]. NFV aims to implement network

functions in software that could be deployed or moved to different hardware appliances

without complicated installation operations [9]. NFV proposes the separation between

hardware and Virtualized Network Functions (VNFs) that are comparable to classic

networking components in NV. Recently, NFV has raised the challenges of VNF

placement (VNF-P) [10].

With the increasing growth of application traffic and the increasing demands of

various network services, developing a dynamic, fast and efficient solution for resource

allocation in NV environment has attracted compelling attention. For users, they may

accept a slow mapping solution. However, it is undoubtedly that a fast response time
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increases users’ satisfaction and improves the quality of service, especially in an online

scenario. Moreover, a fast allocation encourages users to choose this service more

often. On the other hand, if service providers could allocate users’ virtual network

requests fast and efficiently, they can serve more users and increase profits. Therefore,

the dynamic, fast and efficient solution also becomes promising for supporting future

network technologies.

On the other hand, the research on resource allocation algorithms is extremely

rich. However, to our best knowledge, the performance estimation of these algorithms

based on analytical models almost does not exist. These algorithms are evaluated

based on simulation results, which are typically limited to simulation setups and

specific network topology scenarios. The challenge of performance modeling lies in

the complexity of resource allocation in NV. For example, a blocking event can happen

at substrate link/node, a virtual link/node, or a VN level. We need models for all

three levels to capture the performance of an allocation algorithm. Furthermore,

a model developed under a specific substrate topology cannot be used to evaluate

the performance of various embedding algorithms due to the lack of generality. By

assuming random substrate network topology, the difficulty for calculating blocking

probability increases dramatically. A virtual link can have multiple candidate paths

in a substrate network. It poses a great challenge to select one path based on load

conditions. To our best knowledge, this kind of dynamic routing and random topology

requirements have not been studied so far.
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1.1 Thesis Motivation

Resource allocation in NV has been proved to be NP-hard [9]. The allocation can

be formalized into an exact optimization problem, such as Integer Linear Program-

ming (ILP). However, exact solutions are time-consuming and hard to achieve real

global optimization under dynamic demands. In most real-life scenarios, the alloca-

tion problem has to be addressed as an online problem that requires an agile and

efficient allocation solution. Due to its intricacy and time consumption to achieve a

global optimization under dynamic demands, exact solutions based on ILP are not

tailored to online resource allocation in NV.

Existing literature proposes several heuristic algorithms in allocating resources in

NV environment to increase placement efficiency and improve global optimality. How-

ever, most of them focus on specific scenarios, thus they are hard to solve other similar

problems. Generally, heuristic algorithms tend to find one solution that is likely to be

good. The performance of the solution is not guaranteed. On the other hand, most

heuristic/metaheuristic approaches are proposed to simplify the allocation into two

separate stages: mapping the virtual function into a substrate node and mapping the

associated virtual link into a substrate path. This separation overlooks the coordina-

tion between the virtual functions and the associated virtual links, thereby resulting

in a low acceptance ratio and inefficient substrate resource utilization. Furthermore,

over the past decades, most of the allocation problems only target on node map-

ping stage. The virtual link stage is solved by using K-shortest path (unsplittable-

support) or Multi-Commodity Flow (MCF) algorithms (splittable-support). Some

heuristic/metaheuristic approaches claim that they could be completed in polyno-

mial time [11, 12]. However, the approaches still take longer time than the industry
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expectations for an online embedding system, especially in a large network topology.

Nowadays, cloud computing [13] is becoming prevalent. With the decrease of com-

puting cost, cloud computing can be used to compute parallel algorithms with high

efficiency. By deploying a large number of commodity switches and servers in massive

data centres and placing miscellaneous network services and applications in an elastic

platform, cloud computing significantly cuts down computing costs and obtains large-

scale parallel computing [14] using programming models such as MapReduce [15]. In

NV environment, the traditional exact methods for VN allocation is difficult to be

decoupled into parallel independent subtasks.

In the second place, incorporating dynamic routing and random topology into

a model is invaluable to provide a benchmark for evaluating and comparing perfor-

mances of various embedding algorithms under general environments. It also helps

evaluate the performance of operational VN services where substrate nodes and links

can suffer from random failures or frequent maintenance. Taking cloud networks as

an example, migration strategies have been a hot research topic for achieving high

availability [16, 17, 18, 19, 20]. The effectiveness of these migration strategies highly

depends on the performance of embedding algorithms. However, to our best knowl-

edge, network performance models in NV resource allocation have not been studied

so far.

1.2 Thesis Objectives

As discussed above, efficient and fast resource allocation solutions in the virtual link

level and the VN level are still in demand in order to realize future network devel-

opment. Our first objective is to build an online virtual resource allocation model to
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allocate the VN in an efficient way by utilizing a parallel and distributed mechanism

[21].

Besides, few research focuses on the performance estimation for resource allocation

in NV. Therefore, Our second objective is to develop an analytical model, which can

be used as a benchmark for comparing different virtual resource allocation algorithms

and a tool to evaluate an operating VN service where substrate nodes and links can

fail or be put into maintenance randomly.

1.3 Thesis Contributions

We summarize our main contributions in NV resource allocation as follows:

• we propose a systematic approach to evaluate the performance of allocation

algorithms, which includes the following major components:

– We adopt the existing generalized Erlang loss model [1] to estimate the

substrate link blocking probability;

– We create a novel loss network model with Dynamic Routing And Random

Topology (DRART) to estimate the blocking probability at the virtual link

level;

– We incorporate concepts from Jackson networks [22] to evaluate the per-

formance of embedding at the VN level;

– We create a new recursive integration approach that forms a synergy of

the three different levels.

• We develop a dynamic and parallel resource allocation framework using Genetic

Algorithm (GA).
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– We develop an encoding method that introduces GA to solve the virtual

link mapping problem in NV resource allocation;

– To solve the embedding problems efficiently, we propose a distributed par-

allel GA algorithm by applying variants in the GA. Our theoretical analysis

shows the execution time can be reduced to logarithmic time;

– We extend our GA approach to the VN level. Therefore, we need to deal

with the node and link mapping in the same stage. Inspired by graph

theory, we design a two-color mechanism to detect invalid solutions due

to node mapping conflicts. We improve the crossover operation in GA to

avoid the node mapping conflicts with Breadth First Search.

1.4 Thesis Overview

We present an overview of this thesis as follows:

• Chapter 2 Background and Related Work. We give an overview of the Net-

work Virtualization (NV), virtual network embedding, a general GA approach

and loss network models. We also introduce previous optimization strategies of

resource allocation algorithms.

• Chapter 3 Estimating the Performance of Resource Allocation Algo-

rithms with a Novel Loss Network Model. We describe our loss network

model to evaluate the performance of virtual resource allocation algorithms in

a general manner.

• Chapter 4 Parallel and Distributed Genetic Algorithm in Resource

Allocation. We present a GA virtual link mapping strategy and a one-stage
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resource allocation solution to coordinately allocate virtual nodes/functions and

their associated substrate paths at the same time. We further describe our pro-

posed parallel and distributed framework to solve the online resource allocation

in a fast and efficient way.

• Chapter 5 Numerical Results. We show the simulation results of our an-

alytical model. We also compare the performance of our resource allocation

algorithms with other related work.

• Chapter 6 Conclusion and Future Work. In this chapter, we conclude our

contributions of the resource allocation in NV. We also discuss several future

work in this chapter.

1.5 List of Publications

Earlier versions of the work in this thesis have been published in the following papers.
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• Q. Lu and C. Huang, "Joint stage mapping with analytical performance model

in virtualized environment," IEEE Transactions on Cloud Computing. (To be

submitted).

• Q. Lu, K. Nguyen, and C. Huang, "GAONE: A Novel Approach for Online

One-stage Virtual Functions Embedding," Journal of Networking and Network

Applications.(Accepted).

• Q. Lu, K. Nguyen, and C. Huang, "Distributed parallel algorithms for online

virtual network embedding applications," International Journal of Communica-

tion Systems (2020): e4325.
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Chapter 2

Background and Related Work

In this chapter, we describe the related work of NV and allocation algorithms in NV

environment. In addition, we give a brief introduction of GA. Then we discuss the

evolution of loss network models. Finally, we summarize the limitations of previous

research.

2.1 Network Virtualization

Traditional networks are rooted in fixed-function physical infrastructure (e.g. switches

or routers). There are certain functions largely implemented in these dedicated net-

work devices to support networking, which makes the traditional networks lack the

flexibility to adapt to network requirement changes. Therefore, NV has been proposed

to overcome the resistance of traditional networks to fundamental changes. Virtu-

alization of computational and storage resources is widely used in cloud computing,

however, virtualization in networks has proven to be a lot more challenging [23].

Actually, the concept of NV is not new. Virtual private network [24] has been well

developed in the last decades. The idea of virtual private network is to setup separate
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networks through encrypted connections in a sharing infrastructure. However, vir-

tual private network, as a network service, cannot be separated from the underlying

infrastructure as a real network [23]. Virtual private network users are allowed to

access their private network domains, but they cannot control the network functions

or protocols running inside virtual private networks. In terms of VNs, the physical

infrastructure resources are sliced or partitioned in the virtualization. Therefore, VNs

are fully decoupled from the infrastructure layer below. Each VN in NV environment

is composed of virtual nodes and associated virtual links. A VN is a subset of the

underlying physical network resources in essence.

In the virtualized network architecture [25], the traditional Internet service providers

are decoupled into service providers and infrastructure providers. The service providers

are responsible for deploying and offering customized network services to end users,

while infrastructure providers are in charge of maintaining and allocating physical

resources to different service providers. Service providers generally deploy and main-

tain customized end-to-end network services by leasing from the substrate resources

of multiple infrastructure providers.

Introducing NV divides the traditional service provider into three main players:

VN provider, VN operator, service provider [26]. The VN provider assembles virtual

resources and discovers physical resources from multiple infrastructure providers. The

VN operator installs, manages and operates VNs on the top of the VN provider. The

VN operator isolates the physical infrastructure and provides VN protocols to the

end users. The service provider manages and offers customized VN services for one

or more clients.

The application of NV leads to the question of how virtualized resources should
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be realized by the underlying infrastructure providers [27]. In order to rationally

use resources of the infrastructure providers and maximize the revenues of service

providers, recent research work made a great effort to find effective solutions of re-

source allocation problems in NV. In the next section, we discuss the categories of

resource allocation problems in NV and current proposed solutions in each category.

2.2 Resource Allocation in NV

A general NV model is represented in Fig. 2.1. Firstly, we describe the entities in

NV resource allocation problems.

Service Providers

VN 1 VN 2 VN k

...

Virtual nodeSubstrate node

Virtual linkSubstrate link

Substrate network

Figure 2.1: A NV model
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• Substrate Network (SN): The SN is modeled as a weighted undirected graph

in the research literature. It is owned and run by an infrastructure provider.

The infrastructure provider leases the substrate resources to one or more service

providers. The substrate topology is formed by multiple substrate nodes (e.g.

switches, hosts, optical data centers) joined by substrate links (eg. coaxial

cable or optical fiber). Each SN has finite physical resources (e.g. CPU, node

storage, link bandwidth) and multiple node characteristics (e.g. substrate node

location) [28].

• Virtual Network (VN): Each VN is formulated and operated by service providers

for serving clients’ requirements. Each VN is composed of a set of virtual nodes

hosted by substrate nodes and a set of virtual links built over substrate paths.

According to different clients’ requirements, the VN is customized with resource

demands and a time attribute. Multiple VNs may co-exist and share the same

SN independently by virtualizing node and link resources on top of the shared

SN.

The general VN allocation problem is also known as the virtual network embedding

(VNE) problem. In the rest of this thesis, we abbreviate the “general VN allocation”

to VNE. In a VNE problem, mostly, the SN and VN can be any topologies such as

lines, rings, trees, meshes, etc. Besides, we consider the substrate links and virtual

links are bidirectional. We do not consider the sequence orders among virtual nodes.

When it comes to the resource allocation in NFV, the problem can be considered

as a special case of the VNE problem [29]. European Telecommunications Standards

Institute (ETSI) defines NFV in October 2012 [30] and setups the paradigm of NFV.

Resource allocation in NFV requires efficient approaches to determine where VNFs
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should be allocated [9]. This placement problem is referred to as the VNF Placement

(VNF-P) problem which is proved to be NP-hard [31]. To decouple the network

functions from the hardware, NFV resource allocation algorithms are applied to ef-

ficiently arrange the software-hardware separation [32]. In the NFV scenario, as the

name implies, NFV focuses more on virtualizing network functions instead of the link

allocation. While, VNE treats virtual nodes and links equally. In VNF-P, the traffic

is usually flow-based and steered through pre-defined ordered network functions. In

terms of VNE, there is always no ordered requirement. The dynamic demands may

cause a different chaining solution with changed numbers of virtual network functions.

Although there are several definitional differences, VNE algorithms could solve

VNF-P problems with little variants. In this thesis, without loss of generality, we

focus on the general VNE problems. We start with a brief description of the VNE

problems.

In general, VNE aims to map the modeled VN effectively and efficiently into the

shared SN. In order to embed a VN successfully, both virtual nodes and links in

the VN must be fulfilled. The node virtualization requirements include the capacity

demands and other characteristic demands such as the location limitation. The link

virtualization requirements can be the link bandwidth and delay requirements.

The VN operator deploys different embedding algorithms to allocate the virtual

resources in a favorable way. The VN provider leases or relieves the substrate resources

according to various Virtual Network Requests (VNRs) with the arriving time and

duration attributes.

Next, we start to discuss the taxonomies of VNE problems.
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2.2.1 Taxonomies

On the basis of different scenarios, VNE problems [33, 34] could be classified and

solved in different manners. In this section, we talk about the VNE approaches in

four different categories: online vs offline, coordinate vs uncoordinate, splittable vs

unsplittable and concise vs redundant.

2.2.1.1 Online vs Offline

The VNE problems can be considered as online or offline problems. The offline

problem [35, 36, 37] handles a set of VNRs in the static network topology at once and

indeed they are known in advance. For the offline VNE problem, an exact solution is

an optimum. Unlike offline VNE, VNRs in online VNE problems [38, 39, 40] arrive

dynamically and stay in the network for an arbitrary duration. In an online scenario,

VNRs arrive and depart dynamically. The infrastructure provider does not know the

VNR information, such as arrival time, duration, and topologies. In most real-life

scenarios, VNE has to be addressed as an online problem that requires an agile and

efficient allocation solution.

2.2.1.2 Coordinate vs Uncoordinate

Since VNE approaches handle the allocation both on virtual nodes and links, VNE

could be separated into two phases: mapping virtual nodes into substrate nodes and

mapping virtual links into substrate paths with multiple connected substrate links.

Uncoordinated VNE solves node mapping and link mapping separately in an inde-

pendent way. This decomposition approach can simplify the algorithmic complexity.

However, the complexity is stillNP-hard. Moreover, Uncoordinated VNE approaches
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[41, 42, 43] might result in the situation that virtual neighboring nodes are mapped

onto the substrate nodes that are probably far from each other. The long distance

between substrate nodes may lead to unexpected longer substrate paths and network

fragmentation. This fact is caused by an inefficient VNE solution that declines the

substrate resource utilization as well as the acceptance ratio in the long term.

On the contrary, coordinated VNE [44, 45, 46, 47] considers the coordination

between node mapping and link mapping. Coordinated VNE works in one stage or

two stages. Two-stage coordinated VNE can be performed to map virtual nodes with

the consideration of the relation on link mapping. Alternatively, the coordination of

VNE can be achieved in one stage by solving the node mapping and link mapping

at the same time [48]. Even though there is some research called coordinated one-

stage solutions, actually they do not consider a fully coordination. The previous

research [11] proposes a one-stage VNE algorithm. In NAL, the virtual nodes are

ranked and mapped using a heuristic approach one by one. A virtual link is mapped

by the shortest path algorithm after the connected two virtual nodes are mapped

successfully. The authors in the paper [49] claim they propose a one-stage algorithm

called VIMS to map virtual nodes and virtual links jointly. VIMS maps the virtual

node with the highest node degree. And then allocates virtual nodes adjacent to the

mapped virtual nodes. Similar to [6], the virtual link is mapped immediately by the

shortest path algorithm after the connected two virtual nodes are mapped. Different

from two-stage VNE algorithms that solve all the virtual nodes first, and then map

the virtual links. both [11] and [49] solve the virtual node and links alternately, which

are not fully coordinated solutions.
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2.2.1.3 Splittable vs Unsplittable

The VNE problem can be solved in either a splittable or in an unsplittable way.

A splittable mapping allows splitting a virtual node/link over multiple substrate

nodes/paths in the SN. Currently, most splittable mapping approaches are focused on

virtual link mapping [50, 51, 52]. Indeed, splitting mapping enables better resource

utilization in theoretical analysis by gathering small pieces of available substrate re-

sources, thereby increasing the acceptance ratio. However, such methods have many

implementation issues in practice. First, node splitting creates the undesired overhead

for maintaining the state consistency between the split virtual nodes [53]. Second,

path splitting causes out-of-order packet delivery problems, and we then have to ap-

ply additional strategies (e.g., hash-based splitting) to prevent the interruption of the

out-of-order packets in SN. Basically, hash-based splitting avoids the issue of out-of-

order delivery by routing all packets of the same flow to the same path [41]. This

approach is hard to guarantee the splitting following a strict observance of weighted

partitions. This approximate rounding splitting in the real scenarios may cause far-

from-optimal mapping results. Due to its complexity, the splitting mapping solutions

usually face exponential computation time for embedding virtual nodes. Therefore,

splittable embedding is troublesome in real online embedding problems.

Contrary to splittable solutions, there is limited research for unsplittable mapping

[54, 47, 55]. In previous work, unsplittable mapping algorithms, formulated as Inte-

ger Programming problems, are still NP-hard. The major challenge of unsplittable

embedding is again its complexity issue. Most VNE algorithms apply a heuristic ap-

proach for virtual node mapping and the k-shortest path for the link mapping stage.

Although such decomposition can compromise the time complexity, these heuristic
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solutions cannot guarantee optimal or even near-optimal mapping results.

2.2.1.4 Concise or Redundant

The concise approaches [56, 41, 57, 58] provide VN demands without reserving addi-

tional backup substrate resources. Concise VNE assumes the SN is always working.

Therefore, failure recovery is not supported in this manner.

On the other hand, the redundant approaches [59, 60, 61] guarantee extra resources

for the virtual entities that can be used in case some substrate resources fail at

run-time. Redundant VNE offers a reliable embedding solution at the price of high

resource costs. Besides, operational cost also increases since the substrate entities

have to be monitored all the time to detect a failure.

2.2.2 General Network Model

In this section, we elaborate on a general network model, which is used in this thesis.

Generally, in VNE problems, the input consists of a variable number of VNRs, whereas

the SN provides the physical resources in terms of bandwidth and capacity.

2.2.2.1 Substrate Network (SN)

A SN is represented as a random weighted undirected graph and denoted asGs(Ns, Es),

where Ns is a set of substrate nodes and ñs = |Ns| follows a probability distribution

PNs with a maximum value Ms,n. n̄s = E(ñs) is the average number of substrate

nodes. Es is a set of substrate links and each pair of nodes have the probability Ps,l

to form a link es ∈ Es. ẽs = |Es| is the number of substrate links. ēs = E(ẽs) is the

average number of substrate links. Each substrate node ns ∈ Ns is associated with a
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CPU capacity value c(ns) that follows a random distribution Pc(ns) with a maximum

CPU capacity Cns and a location (xns , yns) following some distribution PLns (x, y) in a

fixed areaW . Without loss of generality, in this thesis, we only assume CPU capacity

as the resource requirement for a node to simplify the description. We assume that

each substrate link es between two substrate nodes has a random bandwidth capacity

b(es) following the distribution Pb(es) with a maximum bandwidth capacity Bes . We

also define a substrate path as a set of acyclic substrate links that are connected

sequentially. In addition, we use Ps(ms, ns) to represent the set of all substrate paths

from node ms to ns.

2.2.2.2 Virtual Network (VN)

Conventionally, a VN consists of a set of dedicated network service boxes such as

firewalls, load balancers and application delivery controllers that are concatenated

together to support a specific application [62].

A VNR is represented as a random weighted graph, denoted byGv (Nv, Ev, ta, td, D).

Nv is a set of virtual nodes. ñv = |Nv| follows a probability distribution PNv with a

maximum value Mv,n. n̄v = E(ñv) is the average number of virtual nodes. The dis-

tance between a substrate node and the virtual node is denoted by dis(loc(nv), loc(ns)).

Ev is a set of virtual links and each pair of nodes have the probability Pv,l to form a

virtual link ev ∈ Ev. ẽv = |Ev| is the number of virtual links in the VN. ēv = E(ẽv)

is the average number of virtual links. ta is the arrival time of a VNR, which fol-

lows a Poisson process with arrival rate λv. td is the duration of the VNR, which

follows an exponential distribution with a mean holding time τv. Each virtual node

nv ∈ Nv is associated with a CPU capacity requirement c(nv) that follows a random
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distribution Pc(nv) with a maximum CPU capacity requirement Cnv and a location

(xnv , ynv) following some distribution PLnv (x, y) in the same fixed area W . D is a

fixed number representing the maximum acceptable distance between a virtual node

and its associated substrate nodes. Each virtual node can only be mapped to one

substrate node located within the distance D, which is called a candidate node for

the virtual node. We assume each virtual link ev between two virtual nodes has a ran-

dom bandwidth requirement b(ev) following the distribution Pb(ev) with a maximum

bandwidth requirement Bev . Each virtual link can be mapped to a substrate path if

the path connects the two substrate nodes onto which the two virtual nodes forming

the virtual link are mapped, which is called a candidate path. The selection of a can-

didate node/path among available ones for a particular node/link mapping depends

on the mapping algorithm used. Fig. 2.2 describes an example of a VN embedded to

a SN.
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Figure 2.2: An example of a VN with its associated SN.
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2.2.2.3 Augmented Network

We create an augmented substrate graph Gs′ = (Ns′ , Es′) for the graph Gs = (Ns, Es).

For each nv ∈ Nv, a corresponding meta-node µ(nv) is created. Each candidate

substrate node of nv ∈ Nv is connected to the meta-node through a bidirectional

meta-link with infinite bandwidth. We set Ns′ = Ns ∪ {µ(nv)|nv ∈ Nv} and Es′ =

Es ∪ {(µ(nv), ns)|nv ∈ Nv, ns ∈ Nc(nv)}. Nc(nv) denotes the set of all candidate

nodes for nv. The augmented graph for the example in Fig. 2.2 is shown in Fig. 2.3.

With the augmented graph, the allocation problems can be solved coordinately in

one stage.
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Meta nodes Meta links Candidate nodes sets

Figure 2.3: The augmented graph of the example in Fig 2.2.

Previous research [50] deploys the augmented graph to solve the one-stage mapping

problem by Mixed Integer Linear Programming (MILP), which has been observed to

take too much time. This is because this technique inflates the substrate graph

by introducing meta nodes and meta edges, which in turn increases the number of

variables and constraints in linear programming.
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2.2.2.4 Constraints of Embedding A VN

When a VNR arrives, the infrastructure provider is supposed to decide whether such

request is accepted or not based upon current remaining resources (CPU and band-

width). If the SN has enough network resources, this request is assigned to specific

substrate nodes and corresponding substrate paths with adequate resource require-

ments. The assignment is released and the substrate resources are returned after the

VNR expires.

2.2.2.4.1 Constraints of Virtual Node Mapping

We defineM(nv) as the substrate node mapping from a virtual node nv. First, each

virtual node of the same request must be assigned to a different substrate node as

shown in (2.1). Rn(M(nv)) represents the residual CPU capacity of the substrate

node. Therefore, Rn(M(nv)) is less than or equal to the original node capacity

c(M(nv))). The remaining CPU capacity of the mapped substrate node should have

enough CPU capacity as described in (2.2). Eventually, (2.3) ensures that the devi-

ation between the virtual node nv and the selected substrate nodeM(nv) must not

exceed the distance radius D of the request. All of the above three expressions must

be fulfilled at the same time to make sure of the successful node mapping.

M(nv) 6=M(mv) (2.1)

c(nv) 6 Rn(M(nv)) (2.2)

dis(loc(nv), loc(M(nv))) 6 D (2.3)
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where,

nv,mv ∈ Nv,

M(nv),M(mv) ∈ Ns,

Rn(M(nv)) 6 c(M(nv))

2.2.2.4.2 Constraints of Virtual Link Mapping

We determine a link mappingM(ev(nv,mv)) from a virtual link (from nv to mv) to a

substrate path between two substrate nodesM(nv) andM(mv) respectively. Similar

to Rn(M(nv)), Re(es) is the remaining bandwidth of substrate link es where every

substrate link inM(ev(nv,mv)) should have enough bandwidth resource to allocate

the virtual link as shown in (2.4). At the virtual link level, we do not consider the

intermediate substrate nodes’ capacity since the intermediate substrate nodes are only

responsible for routing. There is a very little capacity requirement on the intermediate

substrate nodes. Therefore, we assume the intermediate nodes with infinite capacity.

b(ev(nv,mv)) 6 Re(M(nv),M(mv)) (2.4)

where,

Re(es) 6 b(es),

M(ev(nv,mv)) ∈ Ps(M(nv),M(mv))

Re(M(nv),M(mv)) = min
es∈M(ev(nv ,mv))

Re(es)

Only a VN mapping, satisfying the above-stringent constraints for all nodes and
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links, is set as a feasible solution.

2.2.2.5 Performance Metrics

Performance metrics are used to measure the performance of VNE algorithms. Gen-

erally, there are two metrics: remaining bandwidth ratio and acceptance ratio.

2.2.2.5.1 Remaining bandwidth ratio

The remaining bandwidth ratio rb is the current residual bandwidth of a SN over the

original bandwidth of all substrate links:

Re(es) =
∑
es∈Es

(b(es)−
∑

{ev |es∈M(ev)∪ev∈Ev}

b(ev)) (2.5)

rb =
Re(es)∑
es∈Es B(es)

(2.6)

Ev is the set of all the virtual links, which belongs to current successfully-allocated

requests. In fact, rb is an important performance metric to describe the embedding’s

efficiency. For example, when there are many requests rejected but the remaining

bandwidth ratio remains high, it means that the SN has low resource utilization and

it is wasting much available bandwidth resource.

2.2.2.5.2 VN Acceptance Ratio

VN acceptance ratio ra is determined by the number of successfully mapped VNRs

a′(τ) and the number of proposed requests a(τ) during the interval time τ . In practice,

the VN acceptance ratio, used to evaluate an algorithm’s ability of batch processing, is

an essential metric for the performance evaluation between the compared algorithms.
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ra =
a′(τ)

a(τ)
(2.7)

Above, we discussed the general network model, the constraints and performance

metrics in VNE problems. Next, we introduce previous optimization strategies in

resource allocation solutions.

2.2.3 Optimization Strategies

There are four types of resource allocation optimization strategies proposed for NV

in recent years. Exact solutions formulate VNE problems as ILP or MILP, bringing

an exponential run-time cost [63]. Therefore, exact solutions are used to solve small

instances of the problem and to create baseline solutions that represent an optimal

bound for heuristic-based VNE solutions. Heuristic solutions aim to increase place-

ment efficiency as well as improve global optimality. However, most of them focus on

specific scenarios [35], thus they are hard to solve other similar problems. Generally,

heuristic algorithms [41, 56] tend to find one solution that is likely to be good. How-

ever, the performance of the solution is not guaranteed. Metaheuristic solutions are

proposed recently to improve the quality of the performance by escaping from local

optima as well to complete embedding in a reasonable time. Reinforcement learning

(RL) solutions build a model to make decisions through the reward mechanism in

the process of interaction with the environment. RL solutions are confronted with

computational complexity problems, which are hard to be implemented into an on-

line dynamic scenario. We sum up the advantages and disadvantages of different

optimization strategies in Table 2.1. Next, we describe these strategies in detail.
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Table 2.1: Optimization strategies

Strategies Advantages Disadvantages

Exact solutions
Optimal solutions

Applicable to small problems
High computing complexity

Heuristic solutions

Easy to solve

Time saving

Applicable to dynamic scenarios

Performance not guaranteed

Problem-dependent

Metaheuristic solutions

Problem-independent

Search space efficiently

Applicable to dynamic scenarios

More complex than heuristics

Require fine-tuning

RL solutions
Provide near optimal solutions

Applicable to stationary systems

High computing complexity

Impractical for dynamic systems

2.2.3.1 Exact Solutions

In general, the exact solutions of the VNE problem apply optimization techniques to

model the problem as Linear Programming or ILP. A mathematic model is built in [35]

to split and match the VNRs into the SN. The previous research [64] formulates the

VNE with the objective of minimizing energy consumption. While the exact solution

proposed in [50] aims to save embedding cost by using the MILP model. The paper

[65] develops a multi-objective VNE model by the means of a MILP formulation. This

approach modifies the previous embedding MILP in [50] to provide an adaptive VNE

solution to deal with virtual node and link failures or degradations. The research

paper [66] solves the problem by modifying the ILP model. In the proposed model,

how many VNFs are to be deployed is not known in advance. Its objective is to
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find an optimal number of VNFs as well as place the VNFs at the optimal physical

location via the optimal routing path.

Although recent proposed exact solutions claim to be the optimal solutions as

a baseline for heuristic solutions, they allocate the VNRs based on current residual

resources without considering future VNRs. For such reason, the exact solutions

hardly guarantee the global optimal in the long run. This observation provides more

space for heuristic algorithms to play.

2.2.3.2 Heuristic Solutions

Contrary to the exact solutions, the heuristic does not guarantee the optimal em-

bedding solution of a VNR. The heuristic solutions [45, 67, 68] for VNE problems

have been proposed to increase the placement efficiency by sacrificing some degrees

of optimality. However, the majority of these approaches address the VNE problem

in two stages– embedding virtual nodes and virtual links separately. Each stage tends

to get a partial solution without any performance guarantee. In contrast, a one-stage

solution refers to solving virtual node and link mapping in the same stage.

Generally, two-stage heuristic VNE algorithms involve a greedy node embedding

and a subsequent k-shortest path link mapping [41, 69], or a ranking-based node

embedding and again the k-shortest path link mapping [70, 71, 72].

In terms of one-stage heuristic proposals, [50] formulates the VNE problem as a

pure MILP model. Due to the computing complexity, the authors apply an integer

relaxation so that the solution could be obtained in polynomial time. However, the

relaxation variant is executed in two stages and the embedding results of the relaxed
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model only considers the node mapping outcome. Di et al. in [73] propose a one-

stage VNE solution that coordinates node mapping and link mapping. At each step,

a virtual node is mapped according to the already-mapped virtual nodes and the

connecting virtual links among mapped virtual nodes. Therefore, the link embedding

is considered during node mapping. Besides, this approach allows backtracking steps

that can improve the probability of successful mapping by iterating over more possible

mappings.

The authors in [12] deploy a heuristic method (CAN-A) to construct the candi-

date substrate node subset and the candidate substrate path subset before conducting

the ILP-based mapping. Through the time complexity analysis in [12], the approach

reduces the execution time compared with the pure MILP solution. However, it takes

longer time than the mentioned approaches [50]. Hence, these one-stage heuristic

solutions can be gained for small problem instances. With the network scales increas-

ing, the embedding time still grows exponentially, which is impractical for the online

VNE problem.

2.2.3.3 Metaheuristic Solutions

Metaheuristics are attracting more attention as they are vast promising mechanisms

for VNE problems with acceptable execution time. They overcome limitations of

heuristic approaches since heuristics are commonly facing a problem of obtaining

the desired global optimum as they are usually jammed into local optimums. Meta-

heuristic VNE approaches [74, 75, 76] allow improving the quality of candidates to

find near-optimal solutions by escaping from local optimums in a reasonable time.

Therefore, it is indispensable to tailor effective metaheuristic mechanisms to enhance
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performance.

Inspired by the process of natural evolution, Evolutionary Computation consists

of a set of metaheuristics for global optimization. Evolutionary Computation tech-

niques have been proven to achieve flexibility, adaptability, and exceptional perfor-

mance. There are four most widespread population-based metaheuristics including

GA, Particle Swarm Optimization, Harmony Search and Firefly Algorithm. GA re-

peatedly modifies a population of individual solutions. At each step, GA typically

selects individuals from the current population to be parents at random, and then

uses them to produce children for the next generation. Over successive generations,

the population becomes evolved toward an optimal solution.

The research work [77] attempts to incorporate the energy factor in performing

VNE. The authors proposed two embedding solutions to solve the energy-aware VNE

problems: heuristic algorithm (EA-VNE) and metaheuristic algorithm using a particle

swarm optimization (EA-VNE-PSO). However, both of these two algorithms apply a

modified shortest path algorithm. Specifically, the authors design link mapping using

a weighted shortest path algorithm with the preference of active nodes and ports over

inactive ones. The active nodes here indicate the energy saving in the paper.

Chang et al. [78] carry on a performance comparison among Ant Colony Optimiza-

tion, Particle Swarm Optimization and GA. The main task is to propose two VNE

algorithms based on Ant Colony Optimization metaheuristic and GA algorithms.

However, the authors assume that the performance of the proposed algorithms is

conducted with restricted scenarios of SNs, and GA algorithms proposed only work

on the node mapping stage. The paper [79] develops a particle swarm optimization to

solve VNE. The idea is introducing and utilizing the historical embedding information
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to improve the performance.

Furthermore, the authors in [80] propose two GA algorithms adopting different

node ranking methods called CB-GA and RW-GA to rank a given node. The former

relies on the cost and available bandwidth of all outgoing substrate links of the cor-

responding node in the physical network, while the latter applies Markov Random

Walk model to determine the substrate node hosting a virtual node based on its re-

maining resources and topological attributes. Simulation results indicate that these

proposed GA algorithms perform better than Particle Swarm Optimization based

VNE algorithms regarding average revenue and acceptance ratio.

A VNE model applying GA algorithm to handling multiple infrastructure provider

domains is presented in [81], and performance evaluation illustrated that the proposed

model conducts better than other VNE mapping models. Zhang et al. [82] revise a

common GA algorithm for the node mapping stage by re-arranging the mutation

operation into population initialization phase to generate higher quality offspring.

Through simulation, the proposed GA algorithm reveals a better performance com-

pared to [50] thanks to an improved population initialization in terms of average

infrastructure provider revenue and acceptance ratio.

Another research [83] proposes a resource allocation approach (MM-GAPS) based

on GA. MM-GAPS solves the link mapping stage with a splittable solution and used

GA to determine the splitting ratio of each virtual link. This novel idea aims to

reduce the link congestion by dynamically updating the splitting ratio.

Above GA approaches pay more attention to node mapping. A GA approach for

link mapping is far more complicated since the virtual link should be mapped into a

substrate path that consists of several connected substrate links. The GA operations
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have to ensure each virtual link solution is a valid and connected path. One GA

approach called Path Based Genetic Algorithm (PBGA) on link mapping is proposed

in [84]. PBGA proposes a link mapping that all the GA operations are based on

the path. It dramatically reduces the execution time with similar performance on

acceptance ratio with the baseline algorithm [50].

Since our proposed algorithms use GA, we elaborate the background of GA in the

next subsection.

2.2.3.4 Background of GA

GA algorithm consists of four operations: initialization, selection, crossover and muta-

tion [85]. Usually, there are tremendous possible solutions that are hard to enumerate.

Therefore, the first step is to generate an initial population (possible solutions). In

general, GA starts with a randomly generated population [85]. Sometimes, an initial

population could also be generated from a specific solution space by using ‘seed’.

The specific space always directs where optimal solutions are likely to be found. Af-

ter the population has been generated in the initialization operation, each fitness

value that measures the quality of a possible solution called chromosome is calculated

according to a fitness function. In selection, a pair of chromosomes are selected as

parents based. Thereafter, parental chromosomes determined in the previous step will

produce their offspring by exchanging partial genes at crossover points in crossover

operation. More than one crossover point could be chosen according to the crossover

scheme. The next process is often known as mutation which defines as a random

tweak in the chromosome and also promotes the idea of diversity in the population.

GA procedures should be repeated until a terminating condition has been reached,
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and the termination criteria can be defined by a fixed number of generations or other

predefined conditions. In essence, GA algorithm is an iterative procedure where the

population in each iteration is called a generation that can be created when GA

finishes selection, crossover and mutation.

2.2.3.5 Reinforcement Learning (RL) Solutions

Recently, solving resource allocation problems by RL approaches becomes a hot topic.

By learning an optimal allocation solution through RL, the complexity of finding an

optimal policy could be lessened. In essence, RL makes use of autonomous agents

to learn better decisions by a large number of actions in a feedback environment.

Previous research [86] develops a spectrum method to obtain the attribute matrix

and the adjacency matrix of a SN. Based on RL, the agent can find the allocation

solution by discovering the relationship between the SN and VNR. The authors in

[87] propose an encoding method to automatically extract the allocation problem

features with no manual intervention by using a convolutional deep neural network.

Another research [88] proposes a light-weight but efficient Deep RL framework, which

formalizes the allocation problem as a Markov Decision Process with appropriate

states and actions. Combining with a heuristic algorithm, [88] simplifies and converts

unfeasible solutions to feasible solutions. The authors in [89] develop a security aware

algorithm using RL. Different from most of security aware VNE algorithms setting

the security requirement for the entire virtual network and substrate network, [89]

sets the security requirement for the specific virtual nodes. We have to mention that

the algorithm proposed in [89] uses RL at virtual node mapping stage and adopt

existing shortest path algorithm to map the virtual links, which is an uncoordinated
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solution. The paper [90] also proposes a VNE solution based on RL. It focuses on the

mapping revenues increase and mapping costs reduction.

There are many research papers [91, 92, 93, 94] discussing RL solutions with

exhilarating results. However, it is challenging to apply RL to an online resource

allocation scenario. Specifically, training in RL is parametric based, which is usually

implemented in a stationary environment. In a dynamic environment, RL requires

training and building a model for each specific scenario. This means RL has to

handle a large number of models. Therefore, the research of RL is confronted with

computational complexity problems.

When we deal with online resource allocation, we have to face a highly dynamic

environment with highly changed parameters. To be specific, the VN demands are

unpredictable with different required holding times, different arrival rates, different

request topologies, and different requested resources of virtual nodes/links. A new

model should be trained if any parameter is changed. This makes offline pre-training

hard to achieve since a large number of models have been trained and stored before

all environments happen. If we choose to train the model online, it can hardly meet

the delay requirements due to the time-consuming training process. Therefore, RL is

hard to meet the online resource allocation requirements.

2.3 Background of Loss Network Models

Loss network models are stochastic models, which study the blocking behavior in

all kinds of networks [95]. We utilize the generalized Erlang model and Jackson

network theorem into our analytical performance model. In this section, we give a

brief introduction to loss network models.
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2.3.1 Erlang Loss Model

The original loss model was first proposed by Erlang with an M/M/S queue. As shown

in Fig. 2.4, the Erlang loss network model describes the blocking probability in a

system with S servers where the arrival requests obey Poisson distribution with mean

λ with an exponentially distributed holding time with mean 1/µ. The distribution of

the number of busy servers can be calculated by

P (n) =
1

G(S)

(λ
µ
)
n

n!
, (2.8)

where, G(S) is a normalization constant given by

G(S) =
S∑
n=0

(λ
µ
)n

n!
. (2.9)

The probability that all S servers are busy can expressed by

P (B)(S) = 1− G(S − 1)

G(S)
(2.10)

2.3.2 Generalized Erlang Loss Model

To be more general, there are multi-class sources, which are from a set, R, of classes.

Each request call arrives with rate λr. A class r request requires to hold Ar servers

simultaneously. We assume the number of class r calls is nr. We have ~n = {nr : r ∈

R}. The set of feasible states F is
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Figure 2.4: Erlang loss model [1]

F(S) =

{
~n ≥ 0 :

∑
r∈R

Arnr 6 S

}
(2.11)

Now, we can get the generalized Erlang Loss Model [1]. The distribution of busy

servers with multi-class sources is

Pg(n) =
1

G(S)

∏
r∈R

(λr
µr

)
nr

nr!
, (2.12)

where

G(S) =
∑

n∈F(S)

∏
r∈R

(λr
µr

)nr

nr!
. (2.13)

2.3.3 Open Loss Network with Fixed Routing

The generalized Erlang Loss Model can be extended to the generalized loss station

with multiple server types. We assume there are Sl servers, where l ∈ L. A request

class r requires Alr servers simultaneously as shown in Fig. 2.5. Therefore, the server
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constraint has to be met:

∑
r∈L

Alrnr 6 Sl. (2.14)

1

S1

1

SL

Station 1

Station L

Figure 2.5: Generalized loss station with multiple server types

An open loss network is shown in Fig. 2.6, where the customer requests arrive from

and depart to external environment [96]. An open loss network with fixed routing

is equivalent to a generalized loss network with multiple server types. Specifically,

each link in the open loss network corresponds to a server type in the generalized

loss station. Therefore, the blocking probability of an open loss network could be

obtained from Eq. (2.12).

2.3.4 Jackson Network

Jackson network is a special class of an open queuing network [97]. In a Jackson net-

work, there are S servers with infinite queues. Each request arrival is a Poisson process
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Class 2

Class 1

Figure 2.6: Open loss network with fixed routing

and the service time follows an exponential distribution. The state of the network can

be defined as the queuing size of each server with a set of S-tuples: (r1, r2, ..., rS). In

a steady-state, the state probability of individual queues is independent. Therefore,

the network state could be expressed in a product form:

P (π(r1, r2, ..., rS)) =
S∏
i=1

P (ri) (2.15)

2.4 Problem Statement

The literature review of the VNE in different strategies exposes the limitations of

previous approaches. Fast and efficient resource allocation solutions in online and

dynamic scenarios are still hot topics for NV. Some exact solutions or RL solutions

are complicated and hard to implement in a non-stationary environment. Although

heuristic solutions are fast and simple to be performed, the performance can not
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be guaranteed. To save execution time and achieve high performance, practical and

efficient solutions are required in online VNE problems.

On the other hand, there is little research on the performance analytic model

for VNE. A comprehensive coverage of various loss models can be found in [97][98].

When it comes to the loss network models with routing, the paper [99] investigated

the blocking probability with the effects of path length, switch size, and interference

length in the optical networks. The closest one is the so-called loss network with

fixed routing [100], which is still quite far from our case here. A good analytical

performance model will play a vital role in this application area. Unfortunately,

the loss network model with fixed routing cannot be applied to this kind of situation.

Therefore, it becomes very promising to investigate an analytical loss network solution

for the online virtual request allocation in a dynamical routing scenario.
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Chapter 3

Estimating the Performance of Resource Allocation

Algorithms with a Novel Loss Network Model

In this chapter, we propose a loss network model to estimate resource allocation algo-

rithms. We first describe our system models in three levels: the substrate node/link

level, the virtual link level, and the VN level. Finally, we discuss the proposed re-

cursive process for the estimation of average load that integrates all levels together.

To make our models general enough, we assume a generic environment for both VNs

and SNs as described in Section 2.2.2.

3.1 Substrate Node/Link Blocking Probability

We focus on substrate link blocking probability calculation in this section. Substrate

node blocking probability can be calculated exactly in the same way by replacing

bandwidth with CPU capacity.

In most VNE simulation setups, the VN requests arrive following the Poisson

distribution. We consider the same scenario as other general VNE research. At the

substrate link level, since we consider a random topology and all the substrate links
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are undifferentiated, we can treat the arrivals at a substrate link are random samples

from the Poisson arrivals of the virtual network. Therefore, we assume that the

arrivals at the substrate link level still obey Poisson distribution with a mean rate

λs,l. Clearly, λs,l depends on the request arrival rate λv. However, they are not equal

because not all VN requests are directed to each substrate link. We will discuss how

to calculate λs,l at the end of this section.

Each request at a substrate link is associated with a virtual link of a VN request.

The holding time of a request received at a substrate link follows the same exponential

distribution with the same mean holding time τv as the VN arrival. The bandwidth

requirement b(es) ∈ R also follows the same distribution Pb(ev) as the virtual link.

There is no existing way to calculate the blocking probability when b(ev) is a ran-

dom real number. Generalized Erlang loss model [1] is the closest one that can be

used to approximate this blocking probability. However, the generalized Erlang model

requires requested bandwidth and link capacity to be discrete. In order to use general-

ized Erlang model, we have to quantize bandwidth requests into a fixed number of in-

tervals denoted as R. We approximate each interval r: (b(ev, r), b(ev, r + 1)], 1 ≤ r ≤

R with one bandwidth request br =
∫ b(ev ,r+1)

b(ev ,r)
b(ev)dPb(ev), which is the average band-

width of the interval. The probability that a request has bandwidth br will be Pr =∫ b(ev ,r+1)

b(ev ,r)
dPb(ev). The arrival rate within each interval is λs,l,r = λs,lPr. The load of

each interval is ρs,l,r = λs,l,rτv. We also quantize the bandwidth capacity of substrate

link b(es) into U intervals with each interval u : (b(es, u), b(es, u+ 1)], 1 ≤ u ≤ U . We

approximate each interval with one bandwidth capacity bu =
∫ b(es,u+1)

b(es,u)
b(es)dPb(es).

The probability that a substrate link has the capacity bu is Pu =
∫ b(es,u+1)

b(es,u)
dPb(es).

Assume at a specific time the link is hosting hr requests with bandwidth br for
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each interval r. Let ~h = (h1, · · ·hR), then the set of all feasible combinations that

can be carried by a specific substrate link is shown in (3.1).

F (bu) =

{
~h ≥ 0 :

∑
r∈R

brhr ≤ bu

}
(3.1)

Following the generalized Erlang loss model [1], the average blocking probability of

the substrate link is:

P
(B)
s,l =

∑
u∈U

Pu
∑
r∈R

(1− G (bu − br)
G (bu)

)Pr, (3.2)

where

G (bu) =
∑

~h∈F(bu)

∏
r∈R

ρhrs,l,r
hr!

. (3.3)

Similarly, we can find the substrate node blocking probability P (B)
s,n by replacing

bandwidth with CPU capacity.

3.2 The DRART Model for Virtual Link Blocking Probability

In our thesis, we consider an unsplittable mapping model. Each virtual link can

be mapped to one substrate path that has enough residual bandwidth capacity in

each substrate link that the path traverses to support the virtual link bandwidth

requirement. We first want to know the maximum number of potential paths there

may be for a source-destination pair in a SN.

Lemma 3.1. For any source-destination pair in any SN with ñs nodes, the maximum

number of potential paths Ke that have e links between the source and destination



3.2. THE DRART MODEL FOR VIRTUAL LINK BLOCKING
PROBABILITY 43

nodes is shown in (3.4).

Ke =
(ñs − 2)!

(ñs − e− 1)!
(3.4)

Proof. Starting from the source, the number of potential paths for the first hop is

ñs − 2 due to the source and destination nodes are not available. For each node at

the end of the first hop, the number of potential paths for the second hop is ñs−3 by

excluding source, destination, and the first hop node. This can continue until reaching

the (e− 1)th substrate node which has only one next hop node: the destination.

Each SN can be considered as a sample from the random graph Gs (Ns, Es) as

characterized by the substrate node distribution and the probability for any two

nodes to form a link. In order to get virtual link blocking probability, we have to

know which paths do actually exist for a source-destination pair in a specific SN.

We assume that all substrate links are independent. Together with the source and

destination nodes, the e − 1 substrate nodes form e independent links. Given e − 1

substrate nodes ~ns,e−1 = {ns,1, · · · , ns,e−1}, the probability they form a path in the

order given and with a source-destination pair is shown in (3.5).

Pp,~ns,e−1 = (P s,l)
e (3.5)

Lemma 3.2. For any source-destination pair in any SN with ñs nodes, the probability

that there exist exactly ke paths with length e can be calculated by (3.6) from the

binomial model.

P (ke) = CKe
ke

(P p,~ns,e−1
)ke
(
1− Pp,~ns,e−1

)Ke−ke (3.6)
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While there are many paths that may exist between a source-destination pair,

shorter paths are more favored for VNE due to the fact that they use fewer link

resources. However, it is not difficult to see that shorter paths between a source-

destination tend to have many joint links. Without taking any extra measures, if one

short path is blocked, other short paths will likely be blocked too. This will make

blocking probability higher as shown later in Section 5.1 and make the calculation of

blocking probability more complex due to complex correlation structure.

We assume that the blocking probability of the link-disjoint paths is independent

in this thesis. This assumption is based on the assumption that the blocking probabil-

ity of substrate links is independent. We first discuss the reason that we can assume

the blocking probability of substrate links are independent. When we consider a

substrate network with bus topology with a small number of nodes, the probability

that two paths have joint links is extremely high due to limited substrate links and

nodes. Specifically, the traffic on one substrate link is highly dependent on the one

on another substrate links since the path routing options are small. Therefore, in

this situation, the blocking probability of substrate links is dependent. However, if

we have a large-size substrate network with mesh topology, the dependency between

two paths is quite low. First, the probability of two paths having joint links is low.

Second, even if two paths share one substrate link, the probability that they continue

to share multiple links is very small. In [99], the authors proposed an algorithm to

estimate the correlation between two node-joint links with a fixed routing scenario

in a ring network with the same bandwidth capacity. In our case, we use a more

complex and random topology with dynamic routing, it is complicated to calculate

the dependency between two links. Therefore, we consider the blocking probability
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among substrate links is independent in this scenario. If the substrate links are in-

dependent, we can assume link-disjoint paths are independent because there are no

shared substrate links among link-disjoint paths.

Therefore, we now consider selecting candidate paths from link-disjoint paths only.

A nice feature with link-disjoint paths is that they can be treated as independent,

which greatly simplifies our analysis. We first consider the maximum number of link-

disjoint paths that may exist for all SNs before we look at the number of link-disjoint

paths that exist in a specific SN.

Theorem 3.1. For any source-destination pair in any SN with ñs nodes, the maxi-

mum number of potential link-disjoint paths that have e links is KI,e = ñs − 2, where

2 ≤ e < ñs
2

+ 1.

Proof. It is easy to see that the maximum number of link-disjoint paths for the first

hop and last hop is ñs − 2 because each path has to traverse one of the intermediate

nodes for e ≥ 2 and we only have ñs − 2 intermediate nodes.

Next, we show a selection scheme that can indeed find ñs − 2 link-disjoint paths

for the intermediate hops.

First, we note that the maximum number of different links that connect two of

the ñs− 2 intermediate nodes is L(ñs− 2) = (ñs− 2)(ñs− 3)/2. Each node can have

at most ñs− 3 links with intermediate nodes. Intermediate nodes are indexed from 0

to ñs − 3. Now, we follow the scheme below for selecting links to construct paths as

illustrated in Fig. 3.1.

The scheme is very simple. For the second hop, we select links (i, (i+ 1)mod (ñs − 2)).

For the jth hop, where j ≤ e− 1, we select links (i, (j − 1 + i)mod (ñs − 2)).

While the above scheme is simple, we need to show it is a feasible scheme. We
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start with node 0 as an example. In the second hop, node 0 is connected to node

1 and node (ñs − 3) (i.e., node 4 in Fig. 3.1) because node (ñs − 3) is connected

to node (ñs − 3 + 1) mod (ñs − 2) = 0 according to the above selection scheme

as shown in red dashed links in Fig. 3.1 . At the jth hop, node 0 is connected

to node (j − 1) and node (ñs − j − 1) because node (ñs − j − 1) is connected to

(ñs − j − 1 + j − 1)mod (ñs − 2) = 0 according to the above selection scheme. Due

to the cyclical structure of the selection scheme, it is easy to see that, if (ñs − j − 1) >

(j − 1), each link associated with other intermediate nodes is also used once. Because

j ≤ e − 1, this means when e < ñs
2

+ 1, each intermediate link will be used once.

Therefore, this is a feasible scheme.

Under the above scheme, the paths:

{(s, i) , (i, (i+ 1)mod (ñs − 2)) , · · · , (i+ j − 2, (i+ j − 2 + j − 1)mod (ñs − 2)) , · · · ,

(i+ e− 1− 2, (i+ e− 1− 2 + e− 1− 1)mod (ñs − 2)) ,

((i+ e− 1− 2 + e− 1− 1)mod (ñs − 2) , d)},

0 ≤ i ≤ ñs−2 form ñs−2 link-disjoint paths because each path contains unique links

as illustrated in Fig. 3.1.

In the following discussions, we assume that the condition 2 ≤ e < ñs
2

+1 is always

satisfied, which is typically the case in real networks because the path length e tends

to be small for lower blocking probability. While the potential number of link-disjoint

paths was calculated in Theorem 3.1, we need to know the number of link-disjoint

paths that actually exist in a specific substrate topology.
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Figure 3.1: A feasible scheme for link-disjoint paths between a source-destination pair.

Corollary 3.1. For any source-destination pair in any SN with ñs nodes, the proba-

bility that there exist exactly ke link-disjoint paths with length e has the lower bound

as shown in (3.7).

PI(ke|KI,e) ≥ C
KI,e
ke

(Pp,~ns,e−1)
ke(1− Pp,~ns,e−1)

KI,e−ke (3.7)

Proof. From Theorem 3.1, we know that there are at most KI,e = ñs− 2 link-disjoint

paths. In the proof of Theorem 3.1, we identified a specific selection scheme that has

exactly KI,e = ñs − 2 potential link-disjoint paths.

Under this specific scheme, the probability that there actually exist exactly ke

paths is CKI,e
ke

(P p,~ns,e−1
)ke
(
1− Pp,~ns,e−1

)KI,e−ke based on binomial distribution, where

C
KI,e
ke

is the number of combinations.

It should be noted that there are other selection schemes that have link-disjoint

paths different from the KI,e paths identified in the proof of Theorem 3.1. For ex-

ample, if we switch the link selections of any two hops in the scheme identified in

the proof of Theorem 3.1, we get KI,e link-disjoint paths that are different from but

partially overlapped with those in the scheme identified in the proof of Theorem 3.1.
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This is a significant challenge because a) the number of selection schemes can be

very large and complex; b) paths between different selection schemes can be partially

overlapped making estimation of probability difficult. However, (3.7) can serve as a

lower bound.

Given the above path-based approach is intractable, we will try to develop a link-

based approach in the following part.

Theorem 3.2. For any source-destination pair in any SN with ñs nodes, the proba-

bility that there exist at least ke link-disjoint paths with length e can be approximately

calculated by (3.8).

PI (k ≥ ke| KI,e) ≈ P̃I (ke|KI,e)
2
P̌I (ke| KI,e) , (3.8)

where

P̃I (ke| KI,e) =

KI,e∑
i=ke

C
KI,e
i Ps,l

i (1− Ps,l)KI,e−i,

and

P̌I (ke| KI,e) =

L(ñs−2)∑
i=ke(e−2)

C
L(ñs−2)
i Ps,l

i (1− Ps,l)L(ñs−2)−i.

Proof. For all possible schemes, in order to have at least ke existing link-disjoint

paths, the following conditions must be satisfied:

• The first hop must have at least ke links that actually exist. From binomial

distribution, we have:
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P̃I (ke| KI,e) =
∑KI,e

i=ke
C
KI,e
i Ps,l

i (1− Ps,l)KI,e−i.

• Similarly, the last hop must have at least ke links that actually exist with the

same condition as above.

• The intermediate hops must have at least ke (e− 2) link-disjoint links existing

out of all potential links L (ñs − 2) = (ñs − 2) (ñs − 3) /2 among the ñs − 2

intermediate nodes, from binomial distribution again, we have:

P̌I (ke| KI,e) =
L(ñs−2)∑
i=ke(e−2)

C
L(ñs−2)
i Ps,l

i (1− Ps,l)L(ñs−2)−i.

Combining the above three results and noting the fact that the existences of all

substrate links are independent, we can get (3.8).

Corollary 3.2. For any source-destination pair in any SN with ñs nodes, the prob-

ability that there exist exactly ke link-disjoint paths with length e can be estimated as

(3.9).

PI(ke|KI,e) = PI (k ≥ ke| KI,e)− PI (k ≥ ke + 1| KI,e) (3.9)

Both (3.7) and (3.9) can be used to estimate the probability that there exist

exactly ke link-disjoint paths with length e. (3.7) will be more accurate when there

are less number of nodes and lower average degree of nodes because there will be

less alternatives. When there are more nodes and higher degrees, (3.9) will be more

accurate because the intermediate nodes will not matter very much when there are

many alternatives. Now we move on to look at the probability that there exist multiple

link-disjoint paths with different lengths.
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Corollary 3.3. For any source-destination pair in any SN with ñs nodes, the joint

probability that there exist exactly ~k = {ke, e = 1, · · · , Em} link-disjoint paths can be

estimated as (3.10):

PI

(
~k|KI,e

)
= PI (k1, · · · , ke|ñs) ≈ PI(k1)

e∏
j=2

PI (kj| kI,j), (3.10)

where

PI(k1) =


Ps,l, if k1 = 1

1− Ps,l, if k1 = 0

,

and

kI, j = KI,j − k1 − k2 − · · · − kj−1.

Proof. Using chain rule, we have:

PI(~k|KI,e) = PI(k1, · · · , ke|KI,e)

= PI (k1|kI,1)PI (k2|k1) · · ·PI (ke|k1, k2, · · · .ke−1)

≈ PI (k1)
e∏
j=2

PI (kj| kI,j).

This last equation is derived by removing those paths that have been used by
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shorter paths to simplify the calculation of conditional probabilities.

Given now we know the distribution of available paths, we next focus on calcu-

lating the blocking probability for a virtual link.

We assume that the blocking events at each substrate link are independent. Proof

of (3.11) is straight by the fact that a path is blocked if any link of the path is blocked.

The independence assumption is necessary to make the calculation tractable.

P
(B)
p, ~ns,e−1

= 1−
(

1− P (B)
s,l

)e
(3.11)

The blocking probability for a virtual link depends on the embedding algorithms

used. We consider an embedding algorithm that selects a path from maximum K

existing link-disjoint shortest paths with a maximum path length Em, which is typi-

cally used as a benchmark algorithm for comparison. Our approach can be extended

to other embedding algorithms if the algorithms are known.

Lemma 3.3. For any source-destination pair in any SN with ñs nodes, under K

shortest paths algorithm with maximum path length Em, the paths can be identified

as:

k̃e =


ke, if ke ≤ K −

∑
i<e ki

K −
∑

i<e ki, if ke > K −
∑

i<e ki > 0

0, if K −
∑

i<e ki ≤ 0

, (3.12)

where

e ≤ Em.
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Proof. This follows the definition of K shortest paths algorithm with maximum path

length Em.

It is interesting to know some statistics about these link-disjoint paths.

Corollary 3.4. For any source-destination pair in any SN with ñs nodes, under K

shortest paths algorithm with maximum path length Em, the average number of link-

disjoint paths utilized can be found in (3.13).

k̄(K, Em) =
∑
~k

Em∑
e=1

k̃ePI

(
~k|KI,e

)
(3.13)

Corollary 3.5. For any source-destination pair in any SN with ñs nodes, under K

shortest paths algorithm with maximum path length Em, the average path length of

available link-disjoint paths can be calculated by (3.14).

l̄(K, Em) =
∑
~k

Em∑
e=1

k̃ee∑Em
e=1 k̃e

PI

(
~k|KI,e

)
(3.14)

This came from the definition. We now move on to find the average blocking

probability of a virtual link.

Theorem 3.3. For any source-destination pair, under the K shortest paths algorithm

with maximum path length Em, the average blocking probability of a virtual link can

be calculated by (3.15).

P
(B)
v,l (Em, K) =

Ms,n∑
ñs=2

∑
~k

[
Em∏
e=1

(P
(B)
p, ~ns,e−1

)
k̃e

]PI

(
~k|KI,e

)
PNs(ñs) (3.15)
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Proof. By assuming the blocking events are independent for link-disjoint paths, (3.15)

is based on the fact that a virtual link is blocked if all its candidate paths are blocked.

Next, it becomes interesting to know the average path length for accepted virtual

link requests.

Corollary 3.6. For any source-destination pair, under the K shortest paths algorithm

with maximum path length Em, the acceptance probability of a virtual link at a given

path length e, when all paths with shorter lengths than e, is blocked can be calculated

by (3.16).

P
(A)
v,l (e, K) = P

(B)
v,l (e− 1, K)− P (B)

v,l (e,K) (3.16)

Proof. If a virtual link is blocked with maximum path length e, it must be blocked

with maximum path length e − 1. Therefore, the former is a subset of the latter

one. Then, the difference P (B)
v,l (e− 1, K)− P (B)

v,l (e,K) is purely the acceptance gain

by increasing maximum path length from e − 1 to e, which means the acceptance

probability with path length e while all paths with lengths smaller than e are being

blocked. Clearly, one of these paths with length e will be selected as the mapping

path for the virtual link following the shortest paths principle.

Corollary 3.7. For any source-destination pair, under the K shortest paths algo-

rithm with maximum path length Em, the average path length for accepted virtual link

requests can be obtained from (3.17).

l̄v,l (K,Em) =
Em∑
e=1

eP
(A)
v,l (e, K) (3.17)
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3.3 Virtual Node Blocking Probability

In this section, we start to find the acceptance probability of a virtual node.

Lemma 3.4. The acceptance probability for a virtual node mapping can be calculated

as:

P (A)
v,n =

Ms,n∑
ñs=2

Ñc,s∑
ñc,s=2

(
1− (P (B)

s,n )ñc,s
)
P (ñc,s|ñs)PNs(ñs), (3.18)

where P (ñc,s|ñs) is the conditional probability that there are ñc,s candidate nodes

for a virtual node given that there are ñs substrate nodes in the SN. Ñc,s denotes

the maximum value of ñc,s . P
(B)
s,n is the blocking probability of a substrate node as

defined earlier.

This came from the fact that the mapping of a virtual node is accepted if any one

of its candidate nodes is not blocked and all substrate nodes are independent.

3.4 Blocking Probability for VNs

We now try to calculate the blocking probability for a specific VN. We made our ef-

forts to find the probability for the existence of multiple link-disjoint paths connecting

a source-destination pair. This is very important because paths connecting a source-

destination pair tend to be overlapped very likely due to the fact that they share

the same source and destination nodes. They also have to support the same band-

width requirement for each virtual link when being selected. This increases blocking

probability significantly as illustrated later in our numerical results. The allocation

algorithms typically use link-disjoint paths by deploying variations of shortest-path
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algorithms.

When we deal with a VN with multiple virtual links, these virtual links may be

mapped onto substrate paths that are partially overlapped. However, these overlaps

cause fewer problems because these links have different and independent bandwidth

requirements and they do not share the same source and destination nodes at the

same time. Blocking events are less correlated among paths for different virtual links.

To make our analysis tractable, we assume blocking events across all virtual nodes and

link mappings are independent. This assumption allows us to have a product-form

solution like Jackson networks, which greatly simplifies our analysis.

Theorem 3.4. Assume a VN with ñv = |N v| nodes and ẽv = |Ev| virtual links. As-

sume all virtual nodes and virtual links are independent. Then the acceptance proba-

bility of the VN can be calculated as (3.19).

P (A)
n (ñv, ẽv) =

(
1− P (B)

v,l

)ẽv
(P (A)

v,n )ñv (3.19)

Proof. This is straight forward by independent assumption. The reason that we could

use the average probabilities P (B)
v,l and P

(A)
v,n instead of conditional probabilities in

(3.19) is also due to the independence assumption, which allows us to take expectation

operations on each term in (3.19) separately.

Let L (ñv) = ñv(ñv−1)
2

denote the maximum number of virtual links that may exist

given ñv virtual nodes. The average blocking probability can then be calculated.

Corollary 3.8. The average acceptance probability for an arbitrary VN can be cal-

culated as (3.20):
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P (A)
n =

Mv,n∑
ñv=2

L(ñv)∑
ẽv=1

P (A)
n (ñv, ẽv)P (ẽv|ñv)PNv(ñv), (3.20)

where P (ẽv|ñv) is the conditional probability that there exist ẽvvirtual links given ñv

virtual nodes in a VN request; and L (ñv) is the maximum number of different links

among ñv nodes.

The conditional probability using binomial distribution is shown in (3.21):

P (ẽv|ñv) =


C
L(ñv)
ẽv

(Pv,l)
ẽv(1− Pv,l)L(ñv)−ẽv , if ẽv > Lm(ñv)

1−
L(ñv)∑

l>Lm(ñv)

C
L(ñv)
l Pv,l

l (1− Pv,l)L(ñv)−l, if ẽv = Lm(ñv)
, (3.21)

where Lm(ñv) is the minimum number of virtual links to make sure that a VN is

actually connected without any isolated nodes.

3.5 Estimating the Offered Load λs,l for a Substrate Link

At the beginning of Section 3.1, we mentioned that λs,l, the offered load for a substrate

link, is not the same as λv, the VN request rate. This is also true for the offered load

of a substrate node λs,n. In this section, we discuss how to estimate λs,l, λs,n.

The offered loads λs,l, λs,n should include two parts, the part that is blocked by the

substrate node or link and the part that is accepted. We call the part that is accepted

and carried by a substrate link as effective loads denoted as λe,l, λe,n respectively. As

we mentioned at the beginning, there are three levels of blocking events that may

happen: the substrate link/node, the virtual link/node, or the VN. A VN request

is blocked if any virtual link or node is blocked. It is important to note that the

offered loads λs,l, λs,n should not include the loads blocked by other links or nodes.
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Because even a substrate node/link accepts this load, it still does not carry it. It does

not constitute the effective load of the substrate node/link. Therefore, we assume

only the VNs that have been accepted become the offered loads for the substrate

link/node. It should be noted that offered load is not effective load for a specific

node/link due to the fact it may be rejected by this node/link while being accepted

by other links/nodes. Following the above discussion, we have:

λs,l ≈ λvP
(A)
n (λs,l, λs,n) l̄v,l (Em, K, λs,l ) ēv/ēs, (3.22)

and

λs,n ≈ λvP
(A)
n (λs,l, λs,n) n̄v/n̄s, (3.23)

where we emphasized the network acceptance probability and average path length for

accepted virtual links depend on the offered loads. This is a fixed-point problem. It

is not difficult to see that P (A)
n (λs,l, λs,n) and ēv (Em, K, λs,l ) go down monotonically

with increasing offered loads. Therefore, (3.22) and (3.23) will converge through an

iterative process.
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Chapter 4

Parallel and Distributed Genetic Algorithms in

Resource Allocation

In Chapter 3, we propose an analytical model to estimate the performance of gen-

eral virtual network embedding algorithms. In this chapter, we introduce our VNE

approaches based on GA. The models we developed in these two chapters can be

independent existence. Our analytical model can estimate the performance and give

a benchmark solution for SBGA and GAOne. In this chapter, we start with the mo-

tivations of using GA to solve VNE problems. Then, we describe two proposed VNE

approaches, respectively.

4.1 Motivation of Using GA

We summarize the advantages of using GA in our framework:

• As discussed in Chapter 2, there is no pure optimal solution for online re-

source allocation problems as a result of unpredictable arrival requests. It makes

the Genetic metaheuristic algorithm substantially promising since GA tends to

have better time performance than exact methods with near-optimal solutions.
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Furthermore, research work in [81] indicated that the GA algorithm incredibly

achieved better performance than the ant colony metaheuristic, which again

strengthens our GA decision-making for embedding problems in NV environ-

ment.

• GA is a mature metaheuristic algorithm that has been widely exploited in

computer science, economics, biological sciences, etc. The previous papers [101,

102] have shown the potentials of GA in VNE. However, the above research

only focused on node mapping. The more complicated link mapping problem

is not well investigated yet, even with regard to a one-stage VNE solution.

• GA has a natural peculiarity of easy-decomposition which can let it run

in parallel. Indeed, we apply some variants in GA to make it tailor-made for

parallel VNE problems. Therefore, the proposed parallel GA can independently

run on multiple machines at the same time.

• In fact, GA can be terminated with a feasible solution at any time. If there

is a time limitation for dynamic requests, more parallel machines can be added

to increase execution speed to gain a GA optimum. Thanks to such a resilient

scheme, GA can be an elastic parallel mechanism for online resource placement

problems.

4.2 GA-Based Virtual Link Mapping Solution (SBGA)

In this section, we discuss our virtual link mapping solution called Segment Based Ge-

netic Algorithm (SBGA). Our proposed GAOne algorithm is an online, coordinated,

unsplittable and concise approach. SBGA is not a fully coordinated solution since it
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solves the virtual node mapping and virtual link mapping in two separate stages. We

talk about the details in this section.

4.2.1 Objective Functions

For solving a virtual link mapping problem, we first determine our objectives. In

our proposed algorithm, we try to achieve load balancing on links effectively. The

objective function used in the link mapping is also called the fitness function in

this chapter. The fitness function takes all links’ usage as a whole, as opposed to

other heuristic link mapping solutions which map links sequentially. In addition,

we measure the bandwidth cost for mapping a request in which more remaining

bandwidth left means more requests could be allocated. Therefore, we advocate a

smaller cost for higher remaining bandwidth in the fitness function.

Existing solutions use linear objective functions to simplify the optimization pro-

cess. For example, the linear objective function in [50] is based on the remaining

bandwidth of previous VN allocations as shown in (4.1). ζuv (1 6 ζuv 6 Re(u, v)) is

a parameter to control the importance of load balancing while embedding a request.

In contrast, σ is a small positive constant to avoid the denominator becoming zero

while f iuv describes the total amount of flows from u to v for the ith virtual link under

a specific mapping scenario.

FLP =
∑

esuv∈Es

ζuv
Re(euv) + σ

∑
i

f iuv (4.1)

where,

f iuv = B(ev), if euv ∈M(ev) ∪ ev ∈ Ev (4.2)
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In VNE problems, the number of hop-counts is highly associated with bandwidth

consumption. Hence, a larger hop-count indicates a longer path, which in turn means

more bandwidth would be consumed. In this thesis, our objective is to utilize less

bandwidth while balancing the load. Therefore, we add the hop-count parameter h

which represents the total hop-counts in the VNE function. Our fitness function is

shown in (4.3) below, where β is the weight value of hop-count.

F =
∑

euv∈Es

αuv
Re(euv) + σ

∑
i

f iuv + β · h (4.3)

4.2.2 Genetic Representation

Our proposed GA works in the virtual link mapping stage after the virtual node

mapping stage. When the allocation problem has completed the node mapping stage,

the VNE problem simply becomes pure multiple link mapping problems. Instead of

mapping each virtual link sequentially as most previous papers did, we propose a

GA algorithm that ultimately enables mapping multiple links altogether. Definition

details are shown below:

• A substrate node ID of a node is denoted by nijk.

• A gene is denoted by gij : a substrate path corresponds to a virtual link that

contains a sequence of nodes.

• A chromosome is denoted by ci: a possible solution for mapping a VN to a SN

where each virtual link of the VN is a gene.

A chromosome ci denoted by (4.4) represents a feasible solution for mapping a

VN to a SN where i indicates the ith element in GA population. A gene gij is
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a substrate path corresponding to a virtual link mapping and has two subscripts.

The first subscript i indicates its chromosome, and the second one j denotes the

jth virtual link in the chromosome. Similarly, a node denoted by nijk represents

a substrate node ID with three corresponding subscripts. The first two subscripts

indicate its gene while the third one denotes its position in the gene. In addition, a

gene can be denoted by (4.5) with a variable length dij. Each gene gij can be divided

into two partial paths as (4.6): head Hijk and tail Tijk, where k indicates the index

of node in the gene.

ci = {gi1, gi2, ..., gij , ..., giẽv} (4.4)

gij = {nsij1, ..., nsijk, ..., nsijdij} (4.5)

gij =

[
Hijk, Tijk

]
, ∀k ∈ (1, dij) (4.6)

where,

Hijk =

[
nij1, nij2, . . . , nijk

]

Tijk =

[
nij(k+1), nij(k+2), . . . , nijdij

]
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4.2.3 Proposed SBGA Algorithm

Due to the development of computing capability, the cost of computing devices is

recently decreasing. As such, people concern more on execution time rather than

computing cost. Parallel methods become prevalent to utilize more computing re-

sources for the sake of time saving. Nevertheless, how to design an efficient parallel

structure for link mapping in NV is still a challenging problem. Previously, some

traditional algorithms merely focused on how to generate a feasible solution with ac-

ceptable performance. However, parallelism in the process of finding a good feasible

solution is hard to realize. A feasible solution contains multiple virtual links that

share substrate link resources. Hence, virtual link mappings are highly dependent on

each other, which makes parallelism complicated.

In contrast, there is no dependency among different feasible solutions because

they are mutually exclusive. Thus, GA is such an algorithm that naturally applies to

parallel computing. GA generally seeks the best solution by evaluating and improving

multiple feasible solutions through an evolution process. We propose a parallel GA

method that can be run over many machines in a distributed manner in which each

chromosome denotes a feasible solution whilst each parallel working machine can run

independently to generate descendant chromosomes.

The proposed parallel structure is designed as in Fig. 4.1. After all required it-

erations have been executed by each independent machine, the best feasible solution

will be selected among all parallel machines. As the nature of parallelism, it is easy

to see that our approach also likely leads to better performance due to the fact that

our approach is evaluated and evolved over a large number of feasible solutions rather

than just attempting to guess a good feasible solution as other existing heuristic
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approaches in [41, 50]. It is noted that procedures such as the node mapping and

the synchronization procedure are still working sequentially as master working pro-

cedures while the slave working procedures indicate the ones running in slave nodes

independently.

4.2.4 Node Mapping Algorithm

In this section, we propose a coordinated two-stage solution. In the node mapping

stage, we use a greedy method instead of an exact formulation base since an ex-

act method is not only computationally expensive but also not guaranteed to get a

better solution. To achieve efficiency and expense reduction, we decide to select a

similar heuristic node mapping algorithm in [41]. The reason behind this choice is to

maximize the residual substrate resources so that the bottleneck problem of physical

resources could be reduced, hence more upcoming node requests could be allocated

successfully in the future.

Y (ns) = σ1 ×Rn(ns) + σ2 ×
∑

es(ns,ms)∈Es

Re(es(ns,ms)) (4.7)

where,

σ1, σ2 > 0

Y (ns) shown in Equation (4.7) calculates the remaining substrate node resources.

Specifically, Y (ns) is dependent on the remaining CPU capacity Rn(ns). Moreover,

Y (ns) considers the remaining link resources of all adjacent substrate links. σ1 and σ2

denote weights to control the significance of remaining CPU resources and remaining

adjacent link bandwidth resources Re(es(ns,ms)).
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Figure 4.1: Parallel execution flow chart

4.2.5 Paralleled Link Mapping

After the virtual nodes in a request have been successfully mapped into the substrate

topology, the proposed VNE performs the GA link mapping algorithm in a parallel
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Algorithm 1 Proposed VN Embedding Algorithm
1: procedure Node mapping
2: Setting virtual nodes’ processing order.
3: for nv ∈ Nv do
4: mapping to a substrate node with maximum
5: resources Y (ns)
6: if no available substrate node
7: return Mapping fails
8: goto link mapping
9: procedure Link mapping

10: Getting original path pool based on virtual links.
11: Do GA in parallel
12: Synchronize solutions in each parallel node
13: if no available substrate path
14: return Mapping fails
15: procedure Update SN resources
16: if (!Mapping fails)
17: update SN usage
18: return Mapping succeeds

and distributed structure. Since a VNR contains ẽv virtual links, the proposed link

mapping algorithm aims to efficiently map these virtual links into the SN.

4.2.5.1 Original Path Pool

Prior to conducting our superior link mapping process, we first need to find some valu-

able potential paths for mapping virtual links into the SN. To this end, shortest paths

based on geographic distance are certainly more favorable because they natively tend

to utilize fewer resources and experience lower latency. For each source-destination

pair in the SN, an existing K-shortest path algorithm e.g. Dijkstra’s algorithm can

be simply deployed to identify K-shortest paths to create our path pool. This process

can be readily managed before online VN requests arrive. For those reasons, it is not
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necessary to count such process time as a part of our online embedding process. Each

virtual link has K substrate static paths, so the original path pool should have K× ẽv

paths.

4.2.5.2 Population Initialization

After the original path pool has been established, each slave procedure starts to run

GA in parallel. The purpose of this step is to generate a population ofM chromosomes

for each slave node where each chromosome is a feasible solution for a VN. There are

two steps to select a chromosome, the first is to choose a candidate gene by uniformly

selecting a path from the K-shortest paths in the path pool.

Meanwhile, all candidate genes in a chromosome have been selected, the feasibility

of such chromosome should be checked as described in Section 2.2.2.4. As a result, if

the SN has enough resources to allocate all genes of the selected chromosome that is

also regarded as a feasible solution, it is then added to the initial population (denoted

by P). Otherwise, if the candidate chromosome fails to pass the feasibility test, the

procedure goes back to select another candidate, and tests again until a feasible chro-

mosome is found. In some cases, there are not enough pre-defined feasible solutions,

the process can stop after reaching maximum count limits. P can be described as a

matrix shown in Equation (4.8). Each chromosome ci in P represents a feasible solu-

tion. Generally, the population P should haveM chromosomes and each chromosome

has ẽv virtual links after initialization. Therefore, the size of P is M × ẽv.
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P =



c1

c2
...

ci
...

cM


=



g11 . . . g1j . . . g1ẽv

g21 . . . g2j . . . g2ẽv

... . . . . . . ...

gi1 . . . gij . . . giẽv

... . . . . . . ...

gM1 . . . gMj . . . gMẽv


(4.8)

4.2.5.3 Selection and Crossover

The selection procedure selects individuals, called parents, that is vital for the sub-

sequent crossover operation. One or several pairs of parent chromosomes can be

generally chosen in this step. In this chapter, we aim to improve the degree of par-

allelism, so the selection scheme based on a random selection with replacement is

performed with single-pair parents. In the natural world, crossover in close relatives

should be avoided. In general, the parents’ chromosomes should be removed from the

population after crossover operation. However, the children generated in crossover

may have either better or worse quality than their parents. If we delete parent chro-

mosomes regardless of their offspring’s quality, the optimum chromosome may be

missed.

The crossover procedure is essentially based on genes. New genes could be gen-

erated in the crossover procedure. Therefore, we call the GA model Segment Based

Genetic Algorithm (SBGA). We denote two parent chromosomes as cs and cr and

two new child chromosomes from the crossover operation as c(M+1) and c(M+2). The

genes inside parent chromosomes can be denoted as gsj and grj , whereas j indicates

the jth virtual link. Each gene in the chromosome should perform crossover with
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the counterpart of the other parent chromosome. For each pair of genes, we first

identify a common node. If there is a node nsju in gsj matching with a node nrjv in

grj , whereas u and v are not the indices of source or destination node, we essentially

denote that node as a common node.

When the common node is selected among two genes, it is basically utilized as

an intermediate node or a demarcation point. From that point, we swap the second

parts of two genes to generate new child genes. It is obvious to remark that the child

genes bred in this way are still valid paths. The child genes are defined as (4.9) and

(4.10).

g(M+1)j =


[
Hsju, Trjv

]
for ρ ∈ (0, 0.5][

Hrjv, Tsju

]
for ρ ∈ (0.5, 1]

(4.9a)

(4.9b)

g(M+2)j =


[
Hrjv, Tsju

]
for ρ ∈ (0, 0.5][

Hsju, Trjv

]
for ρ ∈ (0.5, 1]

(4.10a)

(4.10b)

Each pair of parent genes can produce two new child genes, hence there exist 2ẽv

gene combinations for a child chromosome. However, we merely pick two chromosomes

based on uniform possibility defined as ρ in (4.9) and (4.10) regardless of their fitness

values. There are two crucial reasons for random selection. Firstly, a new chromosome

with a good fitness value generated in the crossover operator may become inferior

after mutation. Therefore, a specific selection criterion in the crossover procedure

may not work well. The other reason is based on the genuine particularity of a path

chromosome. If we always choose the ‘fittest’ children, the GA may be obviously
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trapped in loops, and also produce a high repetitive rate especially for a distributed

parallel GA scenario. As such, we choose the random chromosome selection with the

same possibility to keep the diversity in the population. After two child chromosomes

have been generated, the population now can be represented by (4.11) that adds two

child chromosomes.

P =



c1
...

cs
...

cr
...

cM

cM+1

cM+2



=



g11 . . . g1j . . . g1ẽv

... . . . . . . ...

gs1 . . . gsj . . . gsẽv

... . . . . . . ...

gr1 . . . grj . . . grẽv

... . . . . . . ...

gM1 . . . gMj . . . gMẽv

g(M+1)1 . . . g(M+1)j . . . g(M+1)ẽv

g(M+2)1 . . . g(M+2)j . . . g(M+2)ẽv



(4.11)

In this crossover scheme, two parent genes should have at least one common

node except for source and destination nodes, but there is no requirement on the

cross point’s location as well as two parent genes’ length. In general, this indicates

that genes with different lengths can also perform the crossover operation, and their

offspring may have a variable length. If there are two or more common genes existing,

the cross point will be chosen randomly with uniform possibility. Otherwise, if there is

no common gene found, the outputs from crossover are supposed to keep the parents’

genes to ensure the whole procedure runs normally.
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4.2.5.4 Mutation

After crossover, every gene of a child chromosome undergoes mutation operation

with a fixed probability (mutation rate). When a gene is selected to implement a

mutation operation, it then replaces the partial route between two nodes with the

shortest path that is chosen from the path pool to connect two mutation nodes. The

mutation nodes are randomly selected with a uniform possibility inside the gene. As

shown in (4.12), if there is no mutation operation, the gene should be kept for the

next step. Nevertheless, when mutation occurs, the alternative path pnijw,nijz between

mutation nodes nijw and nijz updates the current gene from the source-destination

path set P s(nijw, nijz). We use g′(M+1)j denoting the child gene after mutation, and

the population after mutation is then updated as (4.13).

g′
(M+1)j =


g(M+1)j if no mutation[
Hij(w−1), pnijw,nijz , Tijz

]
if mutation

(4.12a)

(4.12b)

P =



c1
...

cs
...

cr
...

cM

c′M+1

c′M+2



=



g11 . . . g1j . . . g1ẽv

... . . . . . . ...

gs1 . . . gsj . . . gsẽv

... . . . . . . ...

gr1 . . . grj . . . grẽv

... . . . . . . ...

gM1 . . . gMj . . . gMẽv

g′
(M+1)1 . . . g′

(M+1)j . . . g′
(M+1)ẽv

g′
(M+2)1 . . . g′

(M+2)j . . . g′
(M+2)ẽv



(4.13)
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New chromosomes that have been generated from the crossover/mutation oper-

ation definitely have to go through the feasibility check. The ones that fail the

feasibility check should be removed from the population. Occasionally, there may

exist loops inside genes [103], so a refinement check is necessary to detect and remove

them. However, in case both two new chromosomes unsuccessfully pass the feasi-

bility check, the algorithm must go back to crossover operation to regenerate new

differential chromosomes until a feasible solution is found.

4.2.5.5 Termination Conditions

The ultimate population is supposed to be re-sorted out by fitness values after passing

the feasibility and refinement check. Only the bestM (population size) chromosomes

are saved for the next generation. A new iteration starts with an updated population

that goes to the selection procedure to figure out parents for another crossover and

mutation to form the succeeding generation. This procedure eventually stops when

the maximum count is reached or there are no different child chromosomes available.

4.2.5.6 Synchronization

In essence, parallel slave nodes accomplish their tasks whenever they reach the pre-

defined termination condition. The population generated by slave nodes should be

then resorted by the fitness values at the master node. Subsequently, the best chro-

mosome which achieves the best fitness value becomes the solution for VNE link

mapping. As a result, the corresponding request should be allocated into the SN and

a full update of its residual resources in the SN is supposed to effectuate.
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4.3 Parallel Execution Time Analysis

In this section, we discuss the time saving of using the parallel framework.

4.3.1 Total Time Consumption

Before we examine the time distribution of proposed GA algorithm under parallel and

sequential running, firstly, we concentrate on how to calculate the time consumption.

As shown in Fig. 4.1, we define the execution time of each procedure as Tnm for

node mapping, Top for generating original path pool, Xi for the ith slave working

procedure, Tsyn for synchronization and Tm for allocating the request. In the master

node, all procedures run sequentially. The internal procedures inside a slave node are

completely independent with the counterpart of another slave node. The sequential

running scheme stipulates that all procedures in slave nodes are running sequentially,

whereas a parallel one indicates all slave nodes are independently running at the same

time.

In addition, we define p as the parallel level. The p can be tuned in according

to the trade-off between available computing resources and expected finishing time.

Whilst we evaluate the time saving of our distributed parallel structure, the time of

sequential running for all slave working procedures is required as a criterion. For

sequential running, we denote Sp as the time of running p parallel work procedures

sequentially. As shown in Equation (4.14), the time consuming can be calculated by

the sum of each parallel work procedure.

Sp = X1 +X2 + ...+Xp (4.14)
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For the parallel running scheme, the execution time denotes the maximum execution

time among all parallel working nodes for a critical reason that the parallel algorithm

should wait until the slowest parallel node finishes its task. Hence, we denote the

parallel execution time as Yp where p indicates the parallel level. The relationship

between Yp and Xi can be found in Equation (4.15).

Yp = max{X1, X2, ..., Xp} (4.15)

The total execution time of parallel running is a sum of component times that a master

node needs to accomplish its internal sequential procedures including the maximum

time of the parallel working procedures. The total time TY can be formulated as

Equation (4.16). Similar to parallel running, the total execution time of sequential

running can be represented by TS which can be calculated as Equation (4.17).

TY = Tnm + Top + Yp + Tsyn + Tm (4.16)

TS = Tnm + Top + Sp + Tsyn + Tm (4.17)

4.3.2 Convergence Analysis

Since all parallel nodes work independently and perform the same GA procedures, the

execution time of parallel working nodes can be considered as independent-identically-

distributed variables. Xi can be considered as a continuous random variable, which

can be formulated as a continuous probability distribution. According to the numeri-

cal results in Section 5.2, the Xi histograms of the SBGA algorithm can be acquired in

Fig. 5.12, which obeys an Inverse Gaussian distribution [104]. For the sequential slave

running process, the mean time of total slave procedures Sp is supposed to increase
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linearly over p. The expectation of Sp is easily evaluated as (4.18).

E[Sp] = pE[Xi] (4.18)

To evaluate the upper bound of Yp’s mean value, Cramer-Chernoff method [105]

is applied, which makes use of the Moment Generating Function of Xi. An Inverse

Gaussian random variable X with parameters η and δ has Moment Generating Func-

tion shown in (4.19).

M(t) = E[et·X ] = e(
η
δ
(1−

√
1− 2η2t

δ
)) for η, δ > 0 (4.19)

By Jensen’s inequality [106],

etE[Yp] ≤ E[et·Yp ] = E[maxi{et·Xi}] =

p∑
i=1

E[et·Xi ] = pE[et·Xi ]

=⇒ E[Yp] ≤
log(p)

t
+

η
δ
(1−

√
1− 2η2t

δ
)

t

(4.20)

Since t, δ and η are constant values for a specific distribution, we can conclude

that the increasing tendency of parallel running is logarithmic. Compared with the

linearity of the sequential running, our proposed distributed parallel algorithm SBGA

saves much more time when the parallel level is larger.

4.4 Modified GA for Solving Virtual network Allocation in One-stage

In this section, we implement a modified GA algorithm in order to solve the node and

link mapping at the same stage. Meanwhile, we propose a one-stage GA approach

[107] combined with graph theory, so that the approach could allocate the virtual
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nodes efficiently by considering the coordination of the associated substrate paths.

Our proposed GAOne algorithm is an online, coordinated, unsplittable and concise

approach.

In this section, we still adopt the augmentation idea as described in Chapter 2.2.2.3

but apply it in the crossover and mutation operations of GA. The novel approach not

only keeps the integrity of the problems in one stage, but also improves the mapping

speed in order to meet online dynamic placement constraints.

4.4.1 Objective functions

As our algorithm tends to map the virtual functions/nodes and associated paths

within a single stage, the objective function aims to evaluate both node and link

embeddings at once. It means the fitness function considers all resource usage for a

request as a whole, as opposed to other heuristic mapping approaches [41] [50], which

sequentially consider the virtual nodes/links based on a ranking method. In (4.21),

σ is a small positive constant to prevent the zero denominator. f iuv describes total

amount of flows from u to v for the ith virtual link under a specific mapping scenario.

And xmw denotes a binary variable, which has the value 1 if the meta link is activated

shown in (4.23); Otherwise, it is set to 0. 0 6 αuv 6 Re(euv) and 0 6 βw 6 Rn(ws)

are parameters to control the significance of load balancing during the placement.

min FNLP =
∑

euv∈ES

αuv
Re(euv)−

∑
i f

i
uv + σ

+
∑
ws∈Ns

βw

Rn(ws)−
∑

mv∈Nv

xmwC(mv) + σ

(4.21)

where,
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f iuv = B(ev), if euv ∈M(ev) ∪ ev ∈ Ev (4.22)

xmw =

 1, ifM(mv) = ws

0, otherwise

(4.23a)

(4.23b)

Several previous solutions apply linear objective functions to facilitate the op-

timization process. In GA, a non-linear objective function has similar computing

complexity to a linear one. The paper [108] has shown that a non-linear objective

function outperforms a linear one due to the increased resource utilization. In a non-

linear function, the fitness value FNLP grows more quickly than using a linear function

when network costs increase. Furthermore, equation (4.21) is designed to restrain the

mapping in case the residual resource is limited. Obviously, a non-linear objective

function like (4.21) improves the resource utilization efficiency since a small residual

substrate resource may cause resource fragmentation and it is hard to be utilized for

future requests under the unsplittable mapping.

4.4.2 Modified GA Framework

Our proposed GA, called GAOne, can be run in several machines in a distributed

manner as illustrated in Fig. 4.2. The difference is that the node mapping stage is

solved by GA in parallel in the GAOne solution. Except for the first step refining

the set of candidate nodes and the last synchronization step, the other procedures

can be conducted by slave node machines in parallel. These machines operate the

GA independently to achieve feasible solutions that coordinate nodes and links at the

same pace.
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Yes

Figure 4.2: Parallel execution flow chart for one-stage

4.4.2.1 Refine the Sets of Candidate Nodes

As described in Section 2.2.2.3, we represent the set of all candidate nodes for a virtual

node as Nc(nv). This set includes all substrate nodes within the distance limitation
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of the virtual node. Moreover, there are additional rigorous constraints of mapping a

virtual node as shown in (2.1) and (2.2) in Section 2.2.2.4. In this step, we check all

the node constraints with current available resources, and later process the candidate

nodes sets. Its initiative is to avoid infeasible substrate nodes entering the population

and make the following genetic productions more effective.

4.4.2.2 Parallel Slave Procedures

After the candidate nodes have been refined by node mapping constraints, the slave

nodes begin the GA procedures independently. We use a similar genetic represen-

tation with SBGA. However, in SBGA, each gene represents a virtual link mapping

solution. While, in our one-stage solution, each gene indicates the virtual link map-

ping solution based on the augmented network which also includes the virtual node

mapping solution. That is to say, a gene is started and ended by meta nodes and

each chromosome acts as a solution.

We use the same equations in SBGA to represent chromosomes and genes in

GAOne. A chromosome ci denoted by (4.4) represents a feasible allocation solution.

Since ẽv indicates the number of virtual links for a request, there are totally ẽv genes

in a chromosome. A gene gij is a mapping solution for the corresponding virtual

link. The first and the last links in a gene are the meta links that represent the

node mapping result while the intermediate links indicate the link mapping solution.

Therefore, the first and the last nodes of a gene should be meta nodes. Each gene

gij can be divided into two partial paths as (4.6): head Hijk and tail Tijk, where k

is the index of node in the gene.
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4.4.2.3 Initial Population

The population P is composed of a set of chromosomes, where each chromosome is

a feasible solution. In SBGA, the initialization starts after the node mapping results

are fixed. However, in GAOne, we should initialize both node and link mapping

in this step. There are two steps to constitute a chromosome. The first step is to

randomly choose the substrate nodes for each virtual node from the set of candidate

nodes. After all the substrate nodes have been selected, all the meta links are set

in a chromosome. The second step is to find a substrate path for each gene. We

need to come up with some "good" potential substrate paths in the SN for mapping

virtual links. Eventually, shortest paths based on the hop count factor are certainly

more favorable because they tend to consume fewer resources. We identify K shortest

paths for each source-destination pair in the SN similar to SBGA. The existing K

shortest paths algorithm (e.g. Dijkstra’s algorithm) can be reliably deployed to build

the path pool. The path pool is only dependent on the SN topology that can be

constructed before any online request arrives, and it can be also reusable during the

mapping procedure. Therefore, we do not count the time for this process as part of

the time for our online embedding procedure.

After a chromosome is formed, we do check the feasibility of the chromosome as

described in Section 2.2.2.4. If the SN has enough resources to allocate all genes of

the chromosome, this chromosome is regarded as a feasible solution. Generally, only

the feasible chromosome is added to the population.

Otherwise, if the chromosome candidate does not pass the feasibility measurement,

we will go back to select and check another candidate chromosome again. This process

continues until a feasible chromosome is selected. In some special cases, the random
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initialization process could not find a feasible chromosome due to the exhausted avail-

able resources. Instead of rejecting the request directly, we select and stamp some

infeasible chromosomes into the population. Therefore, the request still has chances

to enter crossover and mutation operations to produce feasible child chromosomes.

4.4.2.4 Selection and Crossover

The selection operation is conducted to choose parent chromosomes from the initial

population for the crossover operation. We arrange the selection scheme based on a

random selection with replacement as same as SBGA. The replacement means the

parent chromosomes will be put back into the population after crossover.

The crossover operation based on genes operates each gene with its corresponding

gene in the other parent chromosome. Let take two selected parent chromosomes

are cs and cr as an example. We use c(M+1) and c(M+2) to denote the two new

child chromosomes generated from the parent chromosomes. The genes inside parent

chromosomes can be denoted as gsj and grj , where j indicates the jth virtual link of a

request. Obviously gsj and grj have the same starting and ending meta nodes. Each

chromosome should exchange partial genes with its counterpart through a crossover

point. For each pair of genes, we first identify a common node. If there is a node nsju

in gsj is equivalent to a node nrjv in grj , where u and v are not the indices of source

or destination node, we denote the node as a common node. As a result, there are

two scenarios in the crossover operation:

• There are more than one common node in parental genes. Thus, one common

node is selected to become the crossover point. With the common node known

as the demarcation point, we swap the second parts of two corresponding genes
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to generate two child genes. Apparently, such children generated in this fashion

are still valid paths. The child genes (4.24) and (4.25) are defined as below:

g(M+1)j =

[
Hsju, Trjv

]
(4.24)

g(M+2)j =

[
Hrjv, Tsju

]
(4.25)

• There is no common node between two-parent genes. In this case, a link is

selected as the crossover point in each parent gene. To make sure the children’s

genes are still a valid path, a partial path obtained from the shortest path pool

connects the child genes. For instance, we randomly select link (nsju, nsj(u+1))

as a crossover point for gsj , and then select (nrjv, nrj(v+1)) for grj . A substrate

path between nsju and nrj(v+1) is chosen from the source-destination path set

P s(nsju, nrj(v+1)). Similarly, a substrate path is picked from P s(nrjv, nsj(u+1))

to connect the partial child genes. The results of the crossover operator without

the common node should be (4.26) and (4.27).

g(M+1)j =

[
Hsju, pnsju,nrj(v+1)

, Trj(v+1)

]
(4.26)

g(M+2)j =

[
Hrjv, pnrjv ,nsj(u+1)

, Tsj(u+1)

]
(4.27)

4.4.2.5 Node Mapping Conflicts

After crossover, the child gene may contain loops, which is an invalid path. Hence,

each gene should have a validation check to remove loops. Subsequently, we construct

the child chromosomes from child genes. Each parent gene pair can generate two child
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genes. In this step, the node mapping conflict may happen when a virtual node is

mapped into different substrate nodes in the same request. We propose a graph

coloring method to detect the node mapping conflict problem.

Defination 4.1. Under the condition that virtual node mapping is unsplittable, each

unique virtual node associated with some virtual links in a chromosome can only be

mapped to one substrate node.

We call the chromosomes that satisfy Defination 4.1 as valid, otherwise invalid.

Inspired by graph coloring theory, we define the specific set of all virtual node

mappings in a parent chromosome as having one color. If two parent chromosomes

have at least one virtual node mapped to different substrate nodes, we define the set

of all virtual nodes in the second parent chromosome that are mapped to different

substrate nodes as having the second color. If all the virtual nodes are mapped to

different substrate nodes with the two parent chromosomes, we call the two chromo-

somes complete two-color parent chromosomes. Clearly, the nodes in a chromosome

can have either the first or second color. However, each node in a valid chromosome

can only have one color.

Lemma 4.1. If all the virtual nodes in the two parent chromosomes can be rep-

resented by one color, the crossover operation will always generate two valid child

chromosomes.

Proof. Because all the virtual nodes in the two parent chromosomes have the same

color, the crossover operation will not cause any change to the color of each virtual

node. Therefore, after crossover, each node in the two child chromosomes will still

have one color, which means the two child chromosomes are still valid.
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Lemma 4.2. If the virtual nodes in the two parent chromosomes have different colors,

the crossover operation may generate invalid children.

Proof. As shown in Fig. 4.3, complete two-color parent chromosomes are in red and

blue, respectively. After the crossover, all neighboring virtual nodes switch colors.

Therefore, a virtual node will have different colors from all its neighbors and all its

neighbors must have the same color. This may cause node mapping conflict problems

since some virtual nodes may be mapped into two colors shown as virtual node A in

Fig. 4.3.

Theorem 4.1. If the topology of a VN forms a bipartite graph, then any two valid

parent chromosomes will always generate two valid children after crossover operation.

Proof. We divide the virtual nodes in the VN into the two groups in the bipartite

graph as shown in Fig. 4.4. We call the virtual nodes in one group as G1 nodes

and the virtual nodes in the other group as G2 nodes. Given Lemma 4.1, without

loss of generality, we assume the two parent chromosomes are complete two-color

chromosomes. Suppose all the nodes in the first parent chromosome P1 have the

color red and all the nodes in the second parent chromosome P2 have the color blue.

Therefore, before the crossover, a red node in G1 will always be connected to a red

node in G2 and a blue node in G1 will always be connected to a blue node in G2.

After the crossover operation, a red node in G1 will be connected to a blue node in

G2 with the first child C1 and a blue node in G1 will be connected to a red node in

G2 with the second child C2. Because there is no direct link within each group, the

nodes in the same group will also have the same color and each node in a child will

have one color only, which means both C1 and C2 are valid child chromosomes.
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Figure 4.3: Invalid child chromosomes generated due to the virtual node mapping
conflict

Corollary 4.1. For a VN with arbitrary topology, there always exists a crossover

scheme that will generate two valid child chromosomes by applying the crossover op-

eration to a subset of virtual links in the VN.

Proof. It is easy to see a bipartite subgraph can be generated by removing some

links in a VN with an arbitrary topology. A breadth-first algorithm can be applied

to construct a subgraph with bipartite topology [109]. We can then generate two

valid child chromosomes based on Theorem 4.1. For example, we have a VNR with

4 virtual nodes and 5 virtual links as shown in Fig. 4.5. We first randomly select a
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Figure 4.4: Child chromosomes are valid if the virtual request is a bipartite graph.

virtual node as the source node and color the source node with the red color shown

as node A in Fig. 4.5. Next, we color all the neighbors of the source node with blue

color. We remove the link if its two connected nodes are in the same color. This

process stops when all the nodes have been colored. Then, we can get a bipartite

subgraph of the virtual request. We do not crossover these removed links (the link

B-C in Fig. 4.5). After the crossover operation, we add those links back to the child
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Figure 4.5: Finding a bipartite subgraph using breadth first search.

chromosomes. This means the results will stay as valid child chromosomes.

4.4.2.6 Mutation

Mutation operation aims to expand the solution space and broaden the search, thereby

avoiding local optima. In GAOne, the mutation operation is relied on genes. Each

gene in the child chromosomes c(M+1) and c(M+2) goes through the mutation oper-

ation with a fixed probability. The traditional method is to choose two nodes called

mutation points in a gene and the partial path between these two nodes will be re-

placed by an alternative path from our path pool. In our proposed algorithm, a gene

based on the augmented graph represents both virtual node and link mapping results.

If the node mapping result is mutated, all genes in a child chromosome have to be

updated. The mutation procedure is shown in Algorithm 2.
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The first step is to check if a meta link is included between the mutated nodes,

which means one of the mutation points is a meta node. In addition, a meta link

represents the mapping of a virtual node to a substrate node; as a result, we have to

update the node mapping over the whole chromosome if meta link mutation occurs.

To mutate a node mapping of nv, an alternative nodes ms from our refined candidate

node set Nc(nv) is selected. Consequently, ms will replace the current mapping node

ns. We consider the new node ms and the non-meta mutated node as the updated

mutation points. Finding all other genes including the node µ(nv) and updating all

corresponding meta links by the new substrate node mapping result are a must. As

we know that the genes are valid paths in the augmented graph; hence, if we change

one node in the gene, we have to make sure the gene is still a connected path. The

new node ms is an intermediate node that connects to a meta node and a substrate

node.

Accordingly, we replace the new node ms as the updated mutation point for the

next step. Then the mutation operation goes to the second step: path mutation. An

alternative path chosen from the path pool substitutes the current partial route and

connects two updated mutation points.

4.4.2.7 Sorting Population

After crossover and mutation operations, two child chromosomes are created. Then,

it is time to update the population for the next generation. The new chromosomes

are sorted by their fitness values together with other chromosomes. Only the best M

(population size) chromosomes are saved as in the updated population. A new itera-

tion starts with the updated population that goes to the selection procedure to figure
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Algorithm 2 Mutation Operation
1: procedure Mutation
2: for a gene in a chromosome do
3: Generating mutation points
4: Selecting two nodes in the gene as mutation points
5: if a selected node is a meta node µ(nv)
6: goto node mapping mutation
7: else:
8: goto path mapping mutation
9: procedure node mapping mutation

10: Selecting an alternative node ms from Nc(nv)
11: makeM(nv)= ms

12: for all genes contain µ(nv) do
13: ReplaceM(nv) as the mutation point
14: goto path mapping mutation
15: procedure path mapping mutation
16: choosing an alternative path between two mutation points from path pool

out parents for another crossover and mutation forming the succeeding generation.

This procedure ultimately stops when the maximum count is reached or there are no

different child chromosomes available.

4.4.2.8 Synchronization and Allocation

The synchronization starts when all slave working nodes have terminated their GA

procedures. The best chromosomes from each slave working node are synchronized

and could become the initial population for the next round slave procedure. Finally,

the best chromosome after synchronization is the final solution. The last step is to

allocate the request, then the residual resources of the SN get updated.
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4.4.2.9 Execution Time Analysis

In parallel running paradigm as shown in Fig. 4.2, there are three procedures running

sequentially: refining the set of candidate nodes (Tcs), synchronization (Tsyn), and

allocating the request (Tm). These procedures, through simulation, only account

for 0.9% of the total parallel execution time on average as depicted in Fig. 5.11.

Therefore, we approximate the total parallel execution time as the execution time of

parallel running procedures. In terms of parallel running procedures, the execution

time is equal to the maximum execution time amongst all parallel nodes because the

synchronization procedure should wait until the slowest parallel node finishes its task.

Furthermore, we evaluate the upper bound of the mean value of the total parallel

execution time according to Cramer-Chernoff method and Jensen’s inequality. Similar

to SBGA as described in Section 4.3, the parallel running scheme can improve the

execution time from linear time to logarithmic time.

4.5 Parameters Setup

The theoretical analysis in our proposed GA methodology and time complexity has

been already discussed, then we pay attention to parameter setting and simulation

setup.

4.5.1 Shortest Path Size K

The shortest path size K represents the number of static shortest paths from one

source to another destination, which only depend on the network topology. In a

network topology, the static paths can be generally explored in advance. When a

request comes, relevant shortest paths are supposed to be found first and the initial
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population is constituted from these paths. If K is too small, the diversity of the

initial population will be diminished, which leads to a high reject rate due to lack

of space. Otherwise, if K is too large, it means the static paths may contain longer

paths. As a result, a longer path requires more substrate links and occupies more

substrate resources, which would consequently lead to network congestion. Thus, the

shortest path size K should be intentionally considered not too large or too small.

It is additionally a tuning parameter that can be adjusted in accordance with the

network resource and trial experiments. In the simulation, we try to compare SBGA

with another GA link mapping algorithm PBGA [84], which needs a large path pool.

We set the K equals to 200 to make a fair comparison.

4.5.2 Population Size M

The population size M is essentially to generate an initial population including a set

of chromosomes. Some of these can be chosen to create a mating pool for later breed-

ing. After genetic process (crossover, mutation), the population would be updated.

However, the population size should not be too large as it causes GA algorithm run-

ning sluggishly because of population dynamics or population diversity. Furthermore,

parents for crossover operation are chosen randomly from the population, so a proper

population size is crucial to provide relative decent parents. If the population size is

too small, it may not be enough to generate a mating pool, which may likely lead

to a local optimum. In this thesis, we design the population size by following [103],

since it delivers a mathematical proof on determining an appropriate population size

for GA in the network routing problem.
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4.5.3 Crossover Rate and Mutation Rate

In GA, crossover operation is considered as an exploitation phase where the global

optimum is expectantly found whereas the mutation stage undertakes an exploration

job to expand the searching space. As such, we should manage a proper balance

between exploration and exploitation tasks to ensure a convergence of solutions to

the global optimum. In this thesis, we prefer the proposed GA algorithms running

with high efficiency so the crossover rate is set to 100%.

In fact, the mutation rate is appreciably smaller than the crossover rate because if

the mutation rate is too large, it can blemish the solutions of the crossover operator.

Otherwise, if the mutation rate is too small, it may lead to local optimum. In this

section, we conducted various experiments on different mutation rates from 5% to

25%. The ‘best’ performance we realized is ultimately at a mutation rate of 20%.

4.5.4 Parallel Level p

The parallel level represents the number of parallel machines which are working simul-

taneously. It is a tuning parameter and can be adjusted straightforwardly. Although

we decouple parallel machines during GA operations, the whole procedure still needs

to wait for the slowest parallel machine to finalize the final solution. Therefore, a

larger parallel level has more probability of taking a longer time to wait for the slow-

est parallel machine, and it evidently takes more time in the final synchronization

procedure. Similarly, a smaller parallel level takes less time to execute but it is

harder to obtain the global optimum. We compare the proposed algorithm perfor-

mance in different parallel levels. Extensive simulations with different parallel levels

ranging from 4 to 32 are performed. We observe that the acceptance ratio improves
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by increasing parallel levels, and it eventually converges to a limit value. It is inter-

esting to note that the acceptance ratio reaches the converged value when the parallel

level goes up to 16.

4.5.5 Terminating Parameter s

In our approach, each parallel working machine runs the GA algorithm with variable

times of iterations. We denote a terminating parameter s that the best solution has

not changed after successive iterations. Basically, s indicates the inner iterations of

a single parallel working node, which should be executed sequentially. In the parallel

GA implementation, we prefer a small number of iterations inside a parallel node for

the sake of parallelism. s can be adjusted according to parallel level p. A small s

may undoubtedly trap GA into a local optimum, but in our case, a local optimum

can be acceptable inside a parallel working node. If there are sufficiently available

parallel working machines, s can be set as a small value. However, if the computation

capability is limited, s can be enlarged to achieve better solutions. In this chapter,

we assume no limitation for computation capability and set s equal to 4. The reason

is that even if s value is increased, the performance of GA algorithms is not improved

at all but the execution time certainly becomes larger. To keep a trade-off between

operation time and performance, we notice that s equal to 4 is applicable.
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Chapter 5

Numerical Results

In this chapter, we show our numerical results of our analytical model and the per-

formance of our proposed allocation algorithms, respectively.

5.1 Numerical Results of the Analytical Model

In this section, we compare the results of our analytical performance model with the

simulation results obtained using an algorithm called GAOne described in Chapter 4.

GAOne is based on a generalized shortest paths approach that deploys a smart search

for an optimal solution with a genetic algorithm to accelerate the search process. The

reason we selected GAOne is that it is quite close to the scenario discussed in this

section and it has a better performance compared with many existing allocation

algorithms.

Most of the existing allocation algorithms are the so-called two-stage algorithms,

where all virtual nodes are mapped first and the mapped virtual nodes provide a

source-destination pair for each virtual link in the SN, which makes virtual link map-

ping in the second stage much easier. However, one-stage mapping, where both virtual

nodes and virtual links are mapped jointly, can get more optimal solutions because
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it allows a virtual link to try multiple source-destination pairs in the SN. Essentially

speaking, one-stage mapping is sampling the source-destination pairs from all possible

combinations of virtual node and virtual link mapping. While, two-stage mapping

only takes a subset of all possible combinations into account. Therefore, a two-stage

mapping can be vulnerable to getting a local optimum.

Our network analytical model as described in the last section calculates the block-

ing probability of the node mapping and link mapping separately. However, as (3.20)

shown, our analytical model gets the acceptance probability from the product of

virtual node and virtual link acceptance probability, which includes all possible com-

binations. Therefore, the one-stage solution (GAOne) is comparable to our analytical

model and the results of our GAOne simulation should get converged to our analytical

model.

We start with the description of the scenario setup and then discuss numerical

results obtained from both our analytical model and simulation of GAOne.

5.1.1 Environment Setups

Our proposed performance analytical model aims to estimate the performance of an

allocation algorithm under very general environments. To get numerical results, we

have to setup a specific environment. Due to the significant amount of simulation

time, we customize the scenario to focus on the most important features.

Instead of generating a random number of substrate nodes for each SN, we gener-

ated SNs with the fixed number of nodes 50. To make the SN random, we generated

the links using Waxman model with parameters α = 0.5 and β = 0.2. The capacity

of a link b(es) is generated with a uniform distribution Pb(es) ranging from 50 to 100.
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Each substrate node has a CPU capacity value c(ns) that follows a uniform distribu-

tion Pc(ns) ranging from 50 to 100 and a location (xns , yns) with PLns (x, y) following

uniform distribution in a 25× 25 grids of a square area W .

In the Waxman model, the probability of any two nodes to form a link depends on

their distances. This kind of locality structure is useful if physical locations are im-

portant in some deployment applications. It is not considered in our analytical model

because we focus on general performance instead of specific deployment scenarios.

Therefore, we replaced the distribution with an average as follows:

Ps,l = E[p(ds)] = E
[
αe−

ds
βDm

]
=

1

X2Y 2

∫
W

αe−
√

(x2−x1)2+(y2−y1)2

βDm dx1dx2dy1dy2,

(5.1)

where ds is the distance between two substrate nodes (x1, y1) and (x2, y2) , Dm

denotes the maximum distance between any two nodes. In our cases, we set X =

Y = Dm = 25. W is the area of the 25×25 Cartesian plane. To introduce randomness,

we randomly generated three SNs in our simulation. The reason that we limited the

number of SNs to 3. Therefore, there are C50
2 = 1225 number of source and destination

pairs in one substrate network. Besides, we had to generate a very large number of

VNs for each SN to get steady state results. On average, we generated around 18,000

VNs for each SN and each load, which was a very time-consuming process.

We generated random VN requests following the Poisson process with λv ranging

from 4 to 8 requests per 100 time units. We assume the requests arrive one by one,

and our VNE algorithms handle one request at a time. Each request required a

holding time, which was exponentially distributed with an average of τv = 1000 time

units. The distribution of the number of virtual nodes in a VN request PNv followed
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a piece-wise uniform distribution between 2 and 9, i.e., from 2 to 4, each happened

with the probability 9/32, from 5 to 9, each happened with the probability 1/32.

The reason for this specific distribution was to emulate the real scenarios where

we tend to have a larger number of smaller requests. D, the maximum distance

between a virtual node and its associated substrate node, is set to 10. Each virtual

node nv ∈ Nv is associated with a CPU capacity requirement c(nv) that follows a

uniform distribution Pc(nv) between 0 and 20 and a location (xnv , ynv) following the

same uniform distribution as PLns (x, y) in the same fixed area W. Each virtual link

ev between two virtual nodes has a random bandwidth capacity b(ev) following the

uniform distribution Pb(ev) ranging from 0 to 50. The existence of a virtual link is

generated by Waxman model with Pv,l= P s,l.

To find P (ñc,s|ñs) in (3.19), we need to know the distribution of the substrate

nodes. Since the substrate nodes are uniformly distributed in the area W . Let V be

the mapping area for a virtual node, in which all substrate nodes are located within

distance constraint D. Given the square area W , V depends on where a virtual node

is located. The probability that a substrate node is in area V could be calculated as:

P (ñc,s|ñs) = C ñs
ñc,s

(
V

W
)
ñc,s
(

1− V

W

)ñs−ñc,s
, (5.2)

where

V =

∫ min(xnv+D, X)

max(xnv−D, 0)

∫ min(ynv+
√
D2−(xns−xnv )

2, Y )

max(ynv−
√
D2−(xns−xnv )

2, 0)

dxnsdyns .

In our model, the value of Em is a major factor contributing to the computing
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complexity. The complexity increases dramatically with increasing Em due to the

number of combinations in ~k. In our simulation, we found that there was very little

gain when Em was beyond 6. Therefore, we set Em to 6 to ensure accuracy while

maintaining an acceptable complexity in both simulation and analytical settings.

Similarly, we found the performance improved very little whenK was larger than 7

with Em = 6. To reduce the computing complexity, we set K = 7 for both simulation

and analytical settings. In the simulation of GAOne, a dynamic candidate path pool

was maintained for each source-destination pair with a maximum number of paths

in the pool set to K = 7. The purpose of maintaining dynamic path pools was to

increase path diversity with a genetic algorithm. This dynamic pool makes it closer to

our random topology assumption. The path pools are obtained by finding K shortest

paths between any source-destination pair. For the K shortest paths with joint links,

we use Yen’s algorithm [110] to find K shortest paths with joint links. Yen’s algorithm

finds the shortest path first using the Dijkstra algorithm. Then, a recursive approach

is used to set one link of shortest paths with infinite cost temporarily each time.

In terms of the K shortest link-disjoint paths, if the shortest path is found by the

Dijkstra algorithm, all links in the shortest path are removed until K paths are found.

We can get the average number of path lengths of link-disjoint paths. In our

analytical model, it is 3.23 by (3.14). In our simulation, the path lengths in the

initial shortest paths pools for each source-destination pair, which were created using

K shortest paths algorithm for link-disjoint paths, are 3.35 on average for each source-

destination pair. The very small difference indicates our analytical model captures

the distribution of the topologies in the simulation very well. We will discuss the path

lengths averaged over all dynamic path pools later.
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Next, we compare our analytical model with GAOne at three levels: substrate

link level, virtual link level and VN level.

5.1.2 Results at the Substrate Link Level

At the substrate link level, both effective substrate link load and substrate link block-

ing probability are interesting metrics. The two metrics depend on each other. In

our setups, the offered loads only changed in λv, the distributions of holding time

and bandwidth requirements do not change. Therefore, we use arrival rates as a

measurement of loads.

In our analytical model, the effective substrate link load λe,l could be acquired

from the offered substrate link load λs,l, which is calculated in (3.22). We have:

λe,l = λs,l × (1− P (B)
s,l ). (5.3)

In our simulation, the effective substrate link load was relatively easy to collect.

We averaged the number of requests that have been admitted and carried by substrate

links over all substrate links and all SNs. As shown in Fig. 5.2 , the results are very

close at different VN arrival rates. This justifies that the assumption of (3.22) is

acceptable and the (3.22) result is accurate.

Another metric we measured at the substrate link level was the substrate link

blocking probability. In our model, we calculated the substrate link blocking proba-

bility P (B)
s,l by (3.2). When it came to the simulation, we followed the PASTA [111]

property and averaged the blocking events across all substrate links and all SNs for all

virtual link requests at a load level. As shown in Fig. 5.2, the maximum difference,

which happens at arrival rate 4, is around 5%. This result justifies our assumption
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Figure 5.1: Average effective link load over arrival rates.

of (3.2) is acceptable.
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Figure 5.2: The substrate link blocking probability over arrival rates.

5.1.3 Results at the Virtual Link Level

We first compare the results of average path length for accepted virtual links as shown

in Fig. 5.3. The average path length goes down a little bit as the load goes up for

our analytical model. The simulation results are nearly constant. In our analytical
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model, the candidate paths did not change with the load as defined in (3.14). When

the load increased, the average path length actually selected for accepted virtual link

requests decreased as defined in (3.17) because longer paths were more likely to be

blocked. In our simulation, the average path length of the dynamic candidate path

pools increased with increasing load, while the fact that shorter paths were more

likely being selected for a given path pool was still true. The overall effect made the

average path length in our simulation stay roughly the same with increasing load.
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Figure 5.3: Average path lengths from analytical model and simulation.
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Figure 5.4: Virtual link blocking probability over arrival rates.
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In our analytical model, the virtual link blocking probability can be obtained by

(3.15). We followed PASTA property to estimate virtual link blocking probability in

simulation. Specifically, we accumulated the number of virtual links that were blocked

and the number of virtual links requested across all VN requests and all substrate

topologies. We then estimated the virtual link blocking probability using the ratios

of the two aggregated counts. Fig. 5.4 shows the results of both analytical model and

simulation, which match each other very closely. This shows that our DRART model

is accurate enough to capture the blocking probability of virtual links.

5.1.4 Results at the VN Level

Now, we compare the final VN acceptance probabilities. As we mentioned earlier,

it is important to select a path from link-disjoint paths for mapping a virtual link.

This is quite easy to do in allocation algorithms. In Fig. 5.5 , we first compare the

simulation results for link-disjoint paths (GAOne simulation link-disjoint ksp) and

non-link-disjoint paths (GAOne simulation) with the same Em = 6 and K = 7. As

shown in Fig. 5.5 , the results for link-disjoint paths are consistently better than the

non-link-disjoint paths. This explained why we had to spend a lot of time on finding

link-disjoint paths in the last section.

Also shown in Fig. 5.5 are our analytical results in comparison with simulation

results. We can see that our analytical results are very close to the simulation results

with link-disjoint paths. This confirms that the independence assumptions we made

in Section 3.2 are acceptable.

Finally, in Fig. 5.6, we show some results of the recursive processes we used to

get good estimates of the offered loads as discussed in 3.5. As expected, the results
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converged quickly.
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Figure 5.5: VN acceptance ratio over arrival rates.
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Figure 5.6: The VN acceptance ratio converging process.

5.2 Numerical Results of GA Based Allocation Algorithms

This section presents the performance results of our proposed algorithms–SBGA and

GAOne. We select the rival algorithms with the same evaluation environment as
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described in Section 5.1.1 to make the comparison fairly. We compared our proposed

GAOne, SBGA and their competitors as listed in Table 5.1. The compared algorithms

we chose are based on the performance-oriented and speed-oriented aspects.

The criteria we used to select algorithms for comparisons are best in performance

and best in speed. Specifically, we selected G-SP [41] for comparison because it

uses the shortest path algorithm for link mapping, which is widely used by other

metaheuristic algorithms as mentioned above, and also because it is considered the

fastest algorithm due to its simplicity. To make it a fair comparison, our node mapping

algorithm of SBGA is exactly the same as G-SP. We have demonstrated that our

SBGA outperforms this shortest path based algorithm not only in performance but

also in speed, thanks to the parallel processing structure enabled by our algorithm.

We selected D-ViNE and R-ViNE [50] for comparisons because they are considered

the best in performance due to their MILP-based approaches for both node and link

mapping. We have demonstrated that the performance of our algorithm is either

close or better than D-ViNE and R-ViNE while our execution speed is significantly

superior to D-ViNE and R-ViNE. Another algorithm we used to compare is Path

Based Genetic Algorithm (PBGA) which proposes a GA crossover and mutation

based on chromosomes in VNE link mapping [84]. PBGA only operates the genes

that are in the original path pool. While, our SBGA is expected to generate new

differential genes which may not exist in the original path pool. We expect that

SBGA can have better performance than the simpler PBGA algorithm.

Furthermore, [50] is the most popular research paper for VNE. It is not only be-

cause it produces a good embedding performance which is considered as a benchmark

for many research papers in this field, but also because it publicly provides the source
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Table 5.1: GAOne compared algorithms

GAOne Our proposed parallel GA for one-stage mapping.

PBGA Greedy worst fit node mapping
Parallel Path Based GA Link Mapping.

SBGA Greedy worst fit node mapping
Parallel Segment Based GA Link Mapping.

G-SP Greedy worst fit node mapping
Shortest path based link mapping.

R-ViNE Randomized node mapping
Unsplittable link mapping based on shortest path.

D-ViNE Deterministic node mapping
Unsplittable link mapping based on shortest path.

codes, which allows us to reproduce the evaluation results exactly. It is observed

that algorithms in [50] are also used as a benchmark algorithm in many VNE pa-

pers where metaheuristics are deployed. In addition, all metaheuristic-based VNE

approaches have not disclosed their source codes, which certainly prevent us from re-

producing the correct simulation results exactly. In fact, due to the high complexity

and difficulty of optimization problems under uncertainty and randomness, it is very

difficult to reproduce the results fairly without implementation details.

For the simulation of proposed algorithms, we implement our SBGA and GAOne

in one machine and run the parallel working nodes sequentially. Since all parallel

working nodes are independent running, we can simulate the parallel GA results by

recording the CPU execution time of each parallel working node that contributes to

the total operation time of the general master working procedure.

5.2.1 Performance Metrics

The performance metrics we use in this simulation are described in the following:

• Acceptance ratio: the percentage of the number of accepted VNRs.
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• Execution time: the average time consumed for allocating a VN request.

All algorithms are simulated by C++ and executed on Ubuntu 18.10 64-bit

with 7.7GiB memory and Intel Core i5-6200U CPU@2.30GHz×4, and the linear

program solver used in D-ViNE and R-ViNE is glpk same as [50].

• Remaining bandwidth ratio: Remaining bandwidth ratio rb is the current

residual bandwidth of a SN over the original bandwidth of all substrate links.

We pay more attention to link utilization analysis than node utilization in the

simulation, since we assume the node mapping is unsplittable. The acceptance ratio

in Fig. 5.7 can somehow indicate the node utilization. Generally, the link mapping

solution contains multiple substrate paths, thereby deserving more attention. Fig.

5.7, 5.8, 5.9 describe the average values over arrival rates from 4 to 8 per 100 time

units with 95% confidence intervals (CI).

The execution time is measured for each procedure as shown in Fig. 4.2. Proce-

dures running in the master node have to be executed sequentially while the parallel

procedures can be independently performed. Hence, the execution time of the paral-

lel procedures depends on the maximum execution time amongst all parallel working

machines since the parallel algorithm should wait until the slowest parallel machine

accomplishes its task. The time complexity and convergence analysis of a distributed

parallel architecture had been discussed in Section 4.3. In a nutshell, the parallel

scheme can be finished in logarithmic time. According to the convergence analysis,

the acceptance ratio reaches converged values when the parallel level goes up to 16.

Definitely, the parallel level can be adjusted freely regarding a time restriction or a

highly expected acceptance requirement. We set the parallel level (the number of

slave parallel machines) as 16 in the simulation.
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5.2.2 Acceptance Ratio

Fig. 5.7 shows the average request acceptance ratio as a function of the request

arrival rate. As cited, the request acceptance ratio is one of the most vital metrics to

evaluate different resource allocation algorithms. In Fig. 5.7, the acceptance ratios of

all selected algorithms decay with the increase of request arrival rates. It is because

the SN is getting congested and it does not have enough resources to place the virtual

node functions.

Besides, we can find our proposed GAOne algorithm outperforms other selected

algorithms over all arrival rates. The differences between the best compared algorithm

and GAOne is more than 10%. This result indicates that GAOne is an efficient and

effective NV resource allocation algorithm. This observation also implies that our

GAOne with a comprehensive objective function can generate more efficient solutions.

Moreover, the results verify the benefits of a one-stage strategy.

5.2.3 Average Remaining Bandwidth and Average Path Length

The average remaining bandwidth ratio is plotted in Fig. 5.8. Similar to the ac-

ceptance ratio, the average remaining bandwidth ratio of every selected algorithms

decreases along with the increase of arrival rates.

Combined with the results in Fig. 5.7, the greedy solutions (G-SP, D-ViNE, R-

ViNE) occupy more network resources in Fig.5.8, while the load-balanced solutions

(GAOne, SBGA, PBGA) utilize the bandwidth more efficiently. We can observe

that the greedy solutions consume more substrate link resources when embedding a

virtual link. This recognition where the load-balanced algorithms save much more

the bandwidth resources for future requests derives from less average path lengths
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Figure 5.7: Average acceptance ratio over arrival rates

shown in Fig.5.9.

Moreover, amongst the load-balanced solutions, our proposed GAOne takes the

least path length and has the smaller remaining bandwidth ratio. The efficiency of

our proposed GAOne leads to accepting more requests as shown in Fig. 5.7. This

observation depicts the higher bandwidth utilization of GAOne compared to SBGA

and PBGA algorithms.

5.2.4 Time Complexity

As shown in Fig. 5.10, D-ViNE and R-ViNE need much more time to get a solution

due to their relaxed linear programming mechanisms. In particular, D-ViNE con-

sumes more time than R-ViNE due to its deterministic variation. The G-SP performs

the greedy node mapping and greedy shortest path link mapping, which simplifies the
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Figure 5.8: Average remaining bandwidth over arrival rates

placement problem with small consuming time. However, G-SP still takes a longer

execution time than the solutions in our distributed parallel framework.

With regard to the parallel algorithms, SBGA and PBGA essentially realize par-

tial parallelism as they separate node and link mapping and run the node mapping

stage sequentially. The average execution time is 18.74ms and 16.62ms for SBGA

and PBGA respectively. SBGA consumes more time because it considers path re-

structuring while PBGA is a path based algorithm. Our proposed GAOne considers

path restructuring as well as the node remapping and takes 16.05ms to allocate one

request on average. The gain of the execution time of GAOne is from the fully parallel

running mechanism of the one-stage strategy.

Moreover, as exposed in Figure 5.11, four procedures with average execution time

are simulated in our proposed GAOne algorithm. Parallel running procedure Tx takes
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Figure 5.9: Average path length analysis

the most time whilst other sequential functions relatively take less time compared

with the parallel working procedure. The parallel procedure takes 99% of the total

time, which implies our proposed framework realizes a full one-stage based on the

distributed parallel scheme.

By plentiful experiments, we obtain the Xi histogram distributions of SBGA

shown in Figure 5.12. The histogram chart fits inverse Gaussian Distribution with

the sum of square error 4.116e−4. The sample mean value of Xi of SBGA is 10.272ms

whereas the standard derivation is 7.127.
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Figure 5.10: Total execution time over different algorithms

Figure 5.12: Time distribution of Xi in SBGA

Through estimation, the coefficient of variation is less than 1 (0.694), which means

the distribution of Xi can be considered as very low in variability [112]. That is said,

the time variety of each parallel working procedure fluctuates smoothly. In fact, the

coefficient of variation denoted as CV is an important criterion in parallel systems
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since a larger CV indicates more time to wait for the slowest parallel working node.

On the contrary, a small CV implies that the execution time of parallel working nodes

approximates each other.

On the convergence analysis, the tendency of average fitness values of SBGA with

95% CI is shown in Fig. 5.13. It achieves a fast descent at the first few iterations

before getting converged gradually.

In our simulation, the proposed algorithms would be terminated if the fitness value

does not change for four successive iterations to save the operation time.
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Figure 5.13: Fitness value convergence
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Chapter 6

Conclusions and Future Work

In this chapter, we conclude our contributions and give some suggestions for the

future work.

6.1 Conclusions

Existing research of resource allocation problems in network virtualization focuses on

either scalability or optimality. In this thesis, we took both scalability and optimality

into account. We started to improve the VN allocation from the virtual link mapping

strategy. Link mapping is more challenging than node mapping because of its rigorous

link constraints. The potential substrate links that a path traverses for a virtual link

mapping request must have adequate residual bandwidth capacities to support such

virtual link, which causes bandwidth fragmentation more likely to occur.

Then, we proposed a one-stage GA in an augmented graph combined with graph

coloring theory to allocate virtual nodes and links jointly. Comprehensive simulations

are conducted to show our proposed algorithms achieve higher bandwidth efficiency,

better performance and much less execution time using a parallel and distributed

framework.
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On the other hand, there are very few analytical results on estimating the perfor-

mance of allocation algorithms in virtualized environment. We proposed an integrated

and systematic approach for estimating the performance of the resource allocation al-

gorithms. Specifically, we created a novel DRART loss network model for capturing

the blocking probability for a virtual link. Our DRART model incorporated dynamic

routing and random topology, which makes it have wider applications other than NV.

Furthermore, we proposed an innovative recursive approach that created a synergy

across three levels of analytical models. Our numerical results show that the model we

created is reasonable and acceptable. Our analytical model can serve as a benchmark

for the performance prediction of VNE algorithms.

6.2 Future Work

In this thesis, we propose several approaches on a performance analytical model of

VNE algorithm and develop two efficient VNE algorithms. In this section, we outline

several promising extensions of this thesis.

6.2.1 Flexible Resource Allocation in NV Environment with Multiple

Service Classes

We have discussed the resource allocation in the network virtualization environment.

Although our proposed algorithms have better performance in the acceptance ratio

with small execution time, we observe that there is still much remaining bandwidth

unused in the substrate network as shown in Fig. 5.8.

We summarize the reasons as follows:

• The requests with relatively large bandwidth resource requirement have to be



6.2. FUTURE WORK 116

rejected. Based on our simulation settings, the virtual link bandwidth require-

ment is uniformly distributed from 0 50. While, our substrate links are uni-

formly distributed from 50 100. Therefore, in an online scenario, substrate

topology cannot handle the virtual links with heavy bandwidth requirements.

Finally, it causes a low bandwidth utilization.

• The substrate resources get fragmented when the requests come and go. The

substrate link with a small fragment is hard to be utilized, which makes the

bandwidth utilization hardly reach a high percentage.

Therefore, it is promising to improve the network utilization in the future work.

Due to the network setting and the unpredictable requests in an online scenario, 100%

bandwidth utilization is impossible to reach. Nevertheless, the infrastructure provider

aims to achieve a high substrate utilization with small resource waste in order to make

a profit. On the other hand, end users hope their requests could be accepted. Even for

some requests with heavy resource demands, end users may accept to reduce service

requirements instead of rejection. Based on above concerns, a flexible allocation with

multiple service classes is a nice topic, which can make better use of the remaining

resources in the substrate network and accept more requests in the meanwhile.

The flexible idea comes from best effort widely used in internet protocol when

delivering datagrams between hosts. However, there is no related research on VNE

or VNF-P to our best knowledge. We think that both of the guaranteed allocation

and the flexible allocation in network virtualization are promising in the future work.
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6.2.2 Analytical Model for VANET

Our DRART model can be applied into the scenario where dynamic routing is re-

quired. An analytical model in the vehicular ad hoc network (VANET) [113] is a

good extension of our DRART model. VANET [114] is a heterogeneous, dynamic,

and large-scale network that provides numerous vehicular services. There are three

types of communications in VANET: vehicular-to-vehicular, vehicle-to-infrastructure

and infrastructure-to-infrastructure. Currently, software defined networking (SDN)

in the VANET environment is a hot topic. The SDN architecture helps VANET to

have a centralized view to deploy various routing protocols. An analytical model is

required to estimate the performance of different routing strategies and provide a

fair comparison. We have to mention it, different from the substrate network in our

DRART model, the "substrate network" in VANET is a heterogeneous and dynamic

moving network. It is an attractive topic to explore in future work.

Another future work is on drone networks. The routing in drone network includes

node routing and arc routing [115]. Node routing aims to solve the delivery issues

and arc routing focuses on the inspection of ground infrastructure. Different routing

types of requests have different types of demand and constraints. An analytical model

derived from our DRART is promising to estimate the performance of allocating the

request to a drone device. Therefore, the performance model in drone networks is an

interesting topic to explore in the future.
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