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ABSTRACT

The success of recent communication and computing technologies has attracted
growing interest from both academia and industry in developing advanced applica-
tions such as metaverse, digital twin, and intelligent transport systems, which are
characterized by ultra-high reliability and low latency communication (URLLC) re-
quirements. More importantly, they require guaranteed services and their perfor-
mance will degrade quickly if any metric is not satisfied, However, the existing routing
and scheduling solutions may not fully support these applications. We observe one
major reason is the lack of collaboration between each layer in the protocol stack and
inefficient handling of network information.

To bridge the gap, we leverage a novel protocol architecture SET which enables
flexible protocol assembling via control function decomposition. A new concept called
protocol control agent (PCA) is introduced to enable in-network intelligence and en-
hanced adaptability. PCA leverages cross-layer network information and collabora-
tions to support QoS requirements and improve resource efficiency. In addition, we
consider the freshness of network information for designing new protocols based on
SET. To this end, we develop a range of scheduling and routing solutions to support
ultra-reliable and low-latency communications in different networks.

We start with the end-to-end delay guarantee problem in wired data networks. A
novel distributed solution named delay-guaranteed scheduling and routing protocol
(DSRP) is proposed to provide packet-level delay guarantees and differentiated ser-
vices within an autonomous system. In DSRP, we adopt priority queues with fixed
buffer sizes to guarantee per-hop delay bounds and serve traffic with different delay
requirements, and leverage path diversity for multiplexing gains. To address the con-
gestion issue, we introduce a congestion-aware mechanism where neighboring nodes
exchange queue information to reflect their congestion status. Given the rich routing
decision space, a scheduling algorithm based on renewal optimization named DSROpt
is proposed to maximize overall network utility.

Next, we investigate the scheduling problem for time-critical applications in a
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single-hop downlink wireless network. For time-critical applications, being late is
as severe as being dropped. However, packets are normally left with a small delay
budget at the last hop and are likely to exceed their delay requirement when there is a
standing queue. To address this issue, we propose a delay-aware selective scheduling
(DASS) algorithm that selects packets to serve. In DASS, we introduce a new output
gain model based on delay laxity and packet priority for characterizing each scheduling
decision and formulated a multi-objective optimization problem to determine the
optimal scheduling policy. Due to the problem’s complexity and uncertainty of the
network environment, a deep reinforcement learning framework is proposed to find
the Pareto optimal scheduling decisions that maximize network utility and guarantee
per-packet delay requirement.

While many new applications operate in mobile networks, it is crucial to design
QoS-guaranteed solutions with the consideration of more challenges such as mobility
and dynamic channel conditions. Thus, we extend our research to the vehicular
network. To address these issues, we propose a hybrid control framework leveraging
global and local network information and taking advantage of the time-scale difference
between the change rate of network typology and channel condition to perform control
at different scopes.

Based on the framework, we first focus on the routing problem in vehicular net-
works. A QoS-guaranteed clustering and routing protocol (QCRP) is proposed. In
QCRP, the global information, i.e., network topology is used for clustering and route
planning to ensure per-cluster connectivity and routing path initialization while the
local information, i.e., channel condition and vehicle location are used for re-routing.
Next, to support efficient in-network communication under the constraints of limited
network resources, a QoS-guaranteed medium access control (QMAC) protocol to
perform resource allocation is required. Following the same framework, a centralized
spectrum allocation combined with distributed power and error control solution is
proposed.

Overall, in this thesis, we introduce a new perspective of supporting stringent
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QoS requirements and demonstrate the effectiveness of our solution in various network

settings. Our work opens up new possibilities for research extensions and applications.
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Chapter 1

Introduction

1.1 Background

The development of communication and computing technologies is spurring new ap-
plications with advanced features. The fifth generation (5G) communication tech-
nology attracted great attention and quickly, has been deployed worldwide since its
standardization by the 3rd Generation Partnership Project (3GPP). It is anticipated
that the 5G application market alone will reach hundreds of billion U.S. dollars by
2030 [7]. In the meantime, the next-generation communication technology (6G) has
been actively researched [57]. Several projects have been launched led by 3GPP and
top technology companies [2]. New applications such as metaverse, digital twin, ex-
tended reality, and intelligent transport systems require stringent and guaranteed
quality-of-service (QoS) over latency, data rate, and reliability. These services are
characterized as ultra-reliable and low latency communication (URLLC). For the
applications requiring URLLC services, a single aspect of QoS failure can result in
significant performance degradation.

However, URLLC is challenging to achieve using conventional scheduling and rout-
ing solutions [64,120,127]. Traditional data networks are designed for applications re-
quiring best-effort services and often experience packet loss and long latency caused by

network congestions or software/hardware failures [4,23]. The existing network archi-



tecture adopts the layered and end-to-end design principles to achieve good modality,
scalability, and robustness. But some of these features are not insufficient to sup-
port URLLC service. For example, redundant control in each layer adds additional
latency and the randomness of network dynamics is very difficult if not impossible to
handle using single-layer control. Therefore, scheduling and routing with cross-layer
collaborations are critical in achieving URLLC.

In addition, the distinctions among packets with different priorities, e.g., delay re-
quirements, are often ignored in the traditional network where all packets are treated
equally. Such design is unsuitable for the co-existence of time-critical applications
and delay-tolerant applications. It is crucial to introduce priorities to networks and
provide differentiated services (DiffServ) to different applications to achieve high net-
work utilization. In addition, for time-critical applications, packets arriving late is
as severe as being dropped. Thus, a delay-guaranteed service at the packet level is
desired.

In recent years, the deterministic network (DetNet) led by the IETF DetNet
working group has become a hot research topic. DetNet aims at providing delay-
guaranteed services on a per-deterministic-flow basis by exploring explicit data paths [74,
90] using technologies such as multiprotocol label switching (MPLS), software-defined
network (SDN), network slicing, and IEEE 802.1 Time-Sensitive Networking (TSN) [19,
49,133] in a centralized manner. However, such resource reservation-based solutions
guarantee the end-to-end delay for each traffic flow at the cost of losing multiplexing
gain and suffering from efficiency and scalability issues.

In addition to static and wired networks, both academia and industry are inter-
ested in guaranteeing QoS in wireless networks. The emerging vehicular network, for
example, has attracted great attention as it is anticipated to be the key technology
to enable autonomous driving [11,120]. However, guaranteeing QoS in vehicular net-
works is more challenging given the dynamic characteristics of wireless channels and
user mobility. In addition, spectrum scarcity, signal interference, and limited com-

puting capacity bring more difficulties in achieving QoS-guaranteed communication.



The scheduling and routing problems in vehicular networks have been heavily dis-
cussed in the literature for general vehicular-to-everything (V2X) applications [13,
122]. A software-defined vehicular network (SDVN) has been introduced, which in-
tegrates the concept of software-defined network (SDN) into vehicular networks for
higher flexibility and programmability [62,134]. In the recent 5G New Radio (NR)
V2X release, a range of methods have been defined to enhance V2X communica-
tions [43]. However, the existing works are insufficient or inefficient in guaranteeing
the required QoS specified in 3GPP advanced V2X applications [55]. In this regard,
how to guarantee these QoS requirements under the constraints of spectrum, power,

and computing limitations remains an open issue.

1.2 Design Principle of New Protocols for Ultra-
Reliable-and-Low-Latency Communications

The above challenges motivated us to study how to efficiently guarantee the QoS
requirements in future networks under different scenarios. We observe that it is very
difficult, if not impossible, to guarantee QoS in a distributed fashion using single-layer
information or local information alone. On the other hand, a centralized solution can
be inefficient and lacks scalability to guarantee QoS using the global network infor-
mation. Furthermore, developing specific protocols for each new application is too
costly given the diverse QoS requirements and heterogeneity of future communication

systems.
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Figure 1.1: SET protocol architecture [21]

To address these challenges, [21] proposed a Self-Evolving and Transformative
(SET) protocol architecture that offers high flexibility via control function decompo-
sition and reassembling. By leveraging the modular design principle, SET architecture
reassembles the protocol based on needs to support different types of services. As
shown in Fig. 1.1, a novel concept named protocol control agent (PCA) resides in the
control plane is introduced in SET to break the boundaries in the layered protocol
architecture. By leveraging the decomposed network control functions (contained in
the function library in Fig. 1.1) and advanced learning algorithms, PCA selects and
configures protocols based on the observed network information and application re-
quirements carried in each packet. For example, for each packet/flow, PCA starts
with a default control protocol according to the application’s service requirement.
During the transmission, PCA observes the achieved QoS and network condition. If
the QoS requirements are not satisfied, e.g., PCA observes an increase in packet loss, a

new control protocol at a higher cost, e.g., adding an error control to the packet/flow,
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will be adopted to maintain the required QoS. More details of SET architecture and
PCA are introduced in [21].

In addition, we observe that network information shows different freshness. For
example, some network information such as QoS requirements, network settings, and
network performance bounds, etc. are less variant, i.e., have better freshness. In other
words, they do not need frequent updates to ensure network performance. Thus, they
are suitable to be exchanged globally and utilized for centralized control. Other con-
trol information with poor freshness, such as link condition and queue status change
rapidly over time and may become invalid after traversing through the network. Thus,
they are more suitable for distributed local control.

Following this design principle and SET architecture, in this thesis, we explore
the possibilities of new scheduling and routing solutions using cross-layer information
and leveraging in-network collaborations to guarantee QoS performances in various
networks. The thesis structure is shown in Fig. 1.2.

To begin with, we first research the scheduling and routing problems in static



networks without considering network mobility. In Chapter 2, we investigate a novel
delay-guaranteed solution at the packet level in wired data networks where infor-
mation from multiple layers at different scales is utilized for making scheduling and
routing decisions. Since the link condition almost remains constant over time in wired
networks, in Chapter 3, we take one step further by studying an efficient downlink
scheduling solution in wireless networks. The scheduler in the base station selectively
transmits packets based on priorities and channel conditions.

Next, we consider a more challenging scenario in vehicular networks where both
network mobility and wireless channels are considered. In Chapter 4, we propose
a predictive clustering algorithm based on global network topology to ensure long-
term network connectivity and within each cluster, an adaptive routing algorithm
is proposed to guarantee QoS performance leveraging local information. However,
given the scarcity of spectrum resources and unstable channel quality, it is impossible
to achieve QoS-guaranteed routing in vehicular networks without efficient resource
allocation. Therefore, we investigate a flexible medium access control protocol via

centralized spectrum allocation and distributed power and error control in Chapter 5.

1.3 Proposed Research Issues and Contributions

1.3.1 Congestion-aware delay-guaranteed scheduling and rout-

ing with renewal optimization

In Chapter 2, we investigate a scheduling and routing solution to guarantee the end-
to-end delay in wired data networks. A novel distributed, delay-guaranteed, and
congestion-aware network architecture called delay-guaranteed scheduling and routing
protocol (DSRP) that provides DiffServ to various applications and guarantees end-to-
end delay is proposed. In DSRP, each time-critical packet carries a maximum tolerable
delay requirement called delay budget, and the network is responsible for delivering

the packet within its delay budget using information collected from both the network



layer and link layer. Moreover, to reduce network congestion due to bursty traffic,
neighbouring routers exchange their queue information periodically so the upstream
node can adjust forwarding decisions in advance. The main contributions of this

chapter can be summarized as follows:

e We address the delay-guaranteed service problem using a cross-layer approach,
where the link layer queue management and the network layer routing work

together to ensure packet-level end-to-end delay.

e We propose a novel scheduling and routing algorithm based on renewal opti-
mization. The proposed algorithm is run by each network node which selects
a suitable forwarding decision for each packet using delay requirement, queue

status of the current node, and the congestion status of the downstream nodes.

e We build a prototype using the ns-3 simulator. Extensive simulations are con-
ducted to evaluate the proposed solution compared with the state-of-the-art
and baseline approaches. DSRP achieved significant goodput improvements

and high network utility while guaranteeing the E2E delay.

1.3.2 Downlink Scheduler for Delay Guaranteed Services Us-

ing Deep Reinforcement Learning

In Chapter 3, we study the downlink resource scheduling problem in a general wireless
network. A novel delay-aware selective scheduling policy is proposed to guarantee the
delay requirement of time-critical packets and achieve network utility optimality. To
determine the optimal policy, a multi-objective optimization problem is formulated
aiming to minimize the average queue length while maximizing the network utility
of the system under the constraints of guaranteeing per-packet delay and achieving

fairness among users. The main contributions can be summarized as follows:

e We propose a delay-aware scheduling policy for random arriving packets with

different delay requirements, where early delay-outage dropping is considered.



Moreover, we define an output gain function that combines the delay laxity and
priority of different packets to show the penalty for dropping packets and the

reward for successful transmission.

e We formulate a multi-objective optimization problem that minimizes the av-
erage queue backlog while maximizing the average output gain under the con-
straints of achieving fairness among users and guaranteeing per-packet delay.
A deep reinforcement learning framework is proposed to solve this intractable

problem via decomposing it into a set of subproblems.

e Simulation results show that our proposed solution converges to a Pareto opti-
mal policy faster than the comparison solutions and achieves significant reduc-

tions in average delay and delay outage drop rate.

1.3.3 QoS-guaranteed Routing Protocol for Intelligent Trans-
portation System: A Hybrid Approach

In Chapter 4, we focus on the routing problem in vehicular networks. We present
a QoS-guaranteed clustering and routing protocol (QCRP). Two types of protocol
control agent (PCA), global PCA (GPCA) and local PCA (LPCA) are defined in
QCRP following the SET architecture. GPCA uses the global network information
to cluster the network and find the suitable routing path to satisfy the E2E QoS
requirements. LPCA uses the local network information to fine-tune control decisions
to adapt to network dynamics. Moreover, topology control and re-routing are adopted
to reduce control overhead and maintain network performance over time. In summary,

the contributions of this chapter are threefold:

e We introduce a novel flexible protocol architecture to provide guaranteed QoS

for various applications while adapting to network dynamics.

e We propose a novel protocol named QCRP to support advanced V2X applica-

tion which requires stringent E2E QoS for multiple receivers in a high mobility



environment.

e We show that both global control and local control are essential to maintaining
the E2E QoS performance over time via extensive simulation experiments, where
the former enables control optimality while the latter contributes to network

dynamics adaptation.

1.3.4 QMAC: Resource Allocation for Advanced Vehicular-
to-Everything (V2X) Application

In Chapter 5, we focus on the resource allocation problem in vehicular networks.
We propose a QoS-guaranteed medium access control (QMAC) protocol combining
both centralized and distributed control decisions leveraging the off-the-shelf tools
defined in 5G NR-V2X standards and a lightweight online learning algorithm. QMAC
is designed to optimize the overall resource efficiency while guaranteeing the QoS

requirements. The contributions of this chapter can be summarized as follows:

e We investigate the resource allocation problem of supporting stringent QoS
requirements with limited spectrum resources in vehicular networks. A hybrid
control solution named QMAC that flexibly utilizes the existing 5G NR-V2X

methods is designed to improve resource efficiency.

e We develop a branch-and-bound-based algorithm for centralized spectrum allo-
cation. As for distributed power control and error control selection, we consider
a non-communicative scenario where vehicles make control decisions indepen-
dently using an online learning algorithm based on channel-state information

(CSI) feedback from the receivers.

e We verify our solution via extensive simulation experiments. The results show
that QMAC can achieve the highest resource efficiency while guaranteeing the

QoS requirements under different traffic densities.
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Chapter 2

Congestion-aware
Delay-guaranteed Scheduling and
Routing with Renewal

Optimization

The next-generation networks are facing new challenges and requirements charac-
terized by stringent QoS requirements such as extremely low latency and extremely
high reliability [88,127]. Typical applications including metaverse, digital twin, and
real-time control involve large volumes of both delay-sensitive (DS) and non-delay
sensitive (NDS) data exchange [59,64, 115]. Although bandwidth over-provisioning
has been adopted as an engineering solution to satisfy the stringent QoS requirements,
how to effectively and efficiently support both DS and NDS applications remains an
open issue [35,116]. In this chapter, we focus on the routing and scheduling problem
in wired data networks to provide end-to-end (E2E) delay-guaranteed service for DS
applications while ensuring compatibility with NDS applications.

Table 2.1 summarizes the notations and definitions frequently used in this chapter.



11

Table 2.1: Notations and definitions

Symbol

Definitions

N

Set of nodes

K

Set of priority queues

H

Set of forward decision

P

Set of profits achieved by each queue

Tbudget

End-to-end delay requirement (delay budget)

R

Link rate

Twrr

Total service time of each round-robin period

Delay upper bound of queue k

Set of simplified forward decision

Forward decision for each packet, i,j € N, k € K

Queue length of queue k at port j of node ¢ at time slot ¢

Buffer size of queue k

Portion of service time assigned to queue k

Delay upper bound of the highest priority queue

Cost(+)

Routing cost (delay) of a path

ga(-)

Network utility function for delay-sensitive packet

gn(+)

Network utility function for non-delay sensitive packet

*
Tbudget

Residual delay budget

Per-hop delay budget

Control parameter for queue management

Congestion index

Output gain of hf” ; at time slot ¢

Time cost of hﬁj at time slot ¢

Reward per unit time cost ratio

Complete cost-reward pair set

Delay laxity

Profit achieved using queue k

2.1 Introduction

The routing and scheduling problem to provide end-to-end (E2E) delay-guaranteed

service for DS applications has been extensively studied from different aspects. In

recent years, the deterministic network (DetNet) led by the IETF DetNet working

group has become a hot research topic to provide delay-guaranteed services on a per-

deterministic-flow basis by exploring explicit data paths [75,91]. The DetNet takes the
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joint effort of both layer three routed segments and layer two bridged segments using
technologies such as multiprotocol label switching (MPLS), software-defined network
(SDN), and IEEE 802.1 Time-Sensitive Networking (TSN) [19,50,133] in a centralized
manner. The data traffic of each deterministic flow is delivered with guaranteed delay
and low delay variation constraint via resource reservation [44]. To find the optimal
routes with guaranteed delay in a given network, several routing algorithms have been
proposed using the worst-case delay [5, 16, 63]. However, the existing approaches
have various limitations. Resource reservation-based solutions guarantee delay at
the cost of multiplexing gain. The worst-case delay-based routing algorithms can
be too conservative to serve DS applications with low latency requirements. The
flow-based traffic engineering solutions face scalability issues and cannot guarantee
delay at the packet level. In addition, these solutions are unaware of the deadlines of
each packet when making routing decisions and fail to handle congestion caused by
network dynamics.

On the other hand, the distributed E2E delay-guaranteed solution at the packet
level is underexplored given the following challenges. First, it is difficult to handle
large variations in the E2E delay. The highly dynamic feature in E2E delay is mainly
caused by the varying queuing delay at each hop in the network and is difficult to
predict due to the randomness in network traffic. Second, the diversity in delay
requirements. For most DS applications, packets belonging to the same flow can
have different priorities or delay requirements. For example, I/B/P frames have
different importance for MPEG videos [78]. How to effectively guarantee various
delay requirements at the same time, i.e., satisfying high-priority packets without
starving the low-priority packets, remains a critical task. Last but not least, how to
efficiently handle the bursty traffic while guaranteeing delay with good load balance
is challenging. The traditional shortest-path routing algorithms can result in heavy
congestion in certain paths due to bursty traffic causing long queuing delays and high
packet loss rates.

To bridge the gap, we propose a novel distributed, delay-guaranteed, and congestion-
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aware network architecture called delay-guaranteed scheduling and routing protocol
(DSRP) which provides DiffServ to various applications and guarantees the packet-
level end-to-end delay. Specifically, each DS packet carries a maximum tolerable delay
requirement called delay budget specified by the source application. The network is
responsible for delivering the packet within its delay budget using information col-
lected from both the network layer and the link layer. The priority queue is adopted
to provide DiffServ to packets with different delay requirements. Given the random-
ness of network traffic, we rely on the per-hop delay upper bound to guarantee the
E2E delay, where each priority queue is assigned a fixed buffer size and service rate.
Moreover, to avoid congestion due to bursty traffic in the network, neighboring routers
exchange their congestion information periodically so the upstream node can adjust
routing decisions in advance.

In addition, we develop a scheduling and routing solution named DSROpt that
makes routing decisions and schedules packets to different priority queues by jointly
considering their delay budgets, queuing delay, and neighborhood congestion status.
To this end, we formulate an optimization problem that maximizes the overall network
utility under the constraint of the E2E delay requirement of each packet. We solve the
problem in a fully distributed manner where each node determines a suitable forward
decision for each packet based on the renewal optimization theory.

The rest of the chapter is organized as follows: Section 2.2 introduces the related
work. Section 2.3 presents the system model and problem formulation. The design
details and working mechanisms of DSRP are explained in Section 2.4. In Section 2.5,
the simulation settings and experimental results are explained and analyzed. Finally,

conclusions and future research issues are discussed in Section 2.6.
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2.2 Related works

2.2.1 Delay-guaranteed Network Architecture

In [33], a latency-based forwarding (LBF) solution was proposed to achieve high-
precision latency objectives. LBF focused on a link layer forwarding strategy where
each node takes different actions on receiving the packet. LBF consists of two major
parts, i.e., latency budget determination and QoS Action. The actions taken at each
node to guarantee delay depend on the packet’s remaining latency budget, destination,
and the latency encountered. The Push-In First Out (PIFO) queue was adopted
to insert the packet to a specific position that satisfies the latency budget’s lower
bound. However, the LBF did not involve routing and requires prior knowledge of
the routing path for each packet, which may cause delay guarantee failure due to
network dynamics or router failure. In addition, the PIFO enqueue strategy applied
in LBF may cause strong decision interference among successive packets and result
in longer delays than expected.

An adaptive routing protocol was proposed in [3]. The solution assumes that the
remaining delay budget for each arriving flow is known to the network. The delay
upper bound and the typical delay of each link are exchanged in the network to gen-
erate a lookup table indicating the guaranteed delay bound to reach the destinations.
In the run-time phase, the node selects the path with the smallest typical delay and
checks whether the delay budget of the path is within the remaining delay budget.
However, the typical delay is highly dynamic. It either requires a high overhead to
collect this information, leading to high oscillations of path selection and congestion;

or the typical delay used in the algorithm is inaccurate leading to poor path selection.

2.2.2 Delay-based Scheduling and Routing Protocol

The backpressure (BP) routing algorithm has been widely adopted to achieve through-
put optimality by stabilizing the network [71,100]. The original BP algorithm used
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the backlog gradient to formulate the throughput problem, which, however, suffers
from severe queuing delay. To address this problem, many extensions of the BP algo-
rithm have been developed in terms of different congestion gradient metrics. In [52],
a sojourn time-based BP algorithm (STBP) was proposed. The accumulated sojourn
time of buffering packets describes the congestion status of each queue instead of
queue length. The sojourn time backlog measurement has the advantages of faster
increment, reducing random walk packet delay and last packet delay.

More recently, a routing algorithm that takes the advantages of both BP and
max-weight scheduling algorithms named MW+BP was proposed to achieve overload
balancing [132] in a single-hop network with bounded buffers, where the max-weight
part aims to serve longer queues while the BP part balances the load between ingress
and egress buffers. However, the existing approaches are insufficient to achieve delay-
guaranteed service at the packet level. First, the diverse delay requirements of dif-
ferent packets of the same flow are not considered. Second, the temporal correlation
between scheduling decisions is not fully explored. Last, considering the queue delay
of the current node only is insufficient because the packet may be dropped due to

congestion in the next hop.

2.3 System Model and Problem Formulation

2.3.1 Network Architecture
Router Structure

The per-hop delay in a network is mainly composed of queuing delay, processing
delay, transmission delay, and propagation delay. We focus on the queuing delay
as it is the major cause of the E2E delay variation of packet delivery. While the

instantaneous queuing delay varies quickly due to high uncertainties in packet arrival
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rate, we adopt the queue delay upper bound for route calculations. Each router in
the network maintains the delay upper bound of each queue by fixing the buffer size
and service rate. In addition, it exchanges its local queue information with neighbors
to advertise congestion information. An overview of the router structure is shown in
Figure 2.1.

Each port of the router is deployed with a set of priority queues to provide Diff-
Serv for DS and NDS packets. The queues can be classified into two categories in
terms of service types, namely delay-guaranteed (DG) queues, and best-effort (BE)
queues. DG queues provide delay-guaranteed services for the DS packets while BE
queues only serve NDS packets without any delay guarantee. Using multiple priority
queues for DS packets helps to provide finer granularity of delay-guaranteed services
and a rich forward decision set. To avoid always starving low-priority queues, the
weighted-round-robin (WRR) scheduling approach [143] is adopted where each queue
is assigned with a certain portion of service time, i.e., weight, for packet transmission.
Thus, the per-hop delay of each DG queue is upper bounded by fixing the buffer size

and weight of each queue!. Note that in DSR, we assume a shallow buffer size for

'For example, for a router with the link rate of R Mbps requiring a queue delay upper bound of
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each DG queue to guarantee a tight delay upper bound?. Since the BE queue does
not guarantee a delay upper bound, its buffer size can be sufficiently large to store
more NDS packets.

However, bounding the per-hop delay alone is insufficient to guarantee the E2E
delay performance because packets may be lost due to network congestion [51]. In
this chapter, we address network congestion in the network layer via neighbor routers
information exchange and re-routing. A virtual queue manager (VQM) is designed for
collecting and exchanging queue information with neighbors as shown in Figure 2.1.
In general, VQM in each router collects the local queue information, i.e., the queue
length of each priority queue, and exchanges it with neighbors. The queue information
essentially reflects the congestion status of each router. In this case, routers are aware
of network congestion and are able to adjust forward decisions for each packet in

advance before congestion becomes severe.

System Model

The system model of the proposed DSRP network architecture is shown in Figure 2.2.
We assume every DS packet carries a delay budget in its packet header before be-
ing injected into the network. The delay budget is used by routers to make routing
and scheduling decisions to guarantee the E2E delay requirements. In the mean-
time, routers monitor their local queue information while exchanging two types of

information with each other, i.e.,

e Link-state information including delay upper bound of the highest priority
queue (denoted by GI)3. GI is broadcast in the entire network similar to the

link state information used in the open-shortest-path-first (OSPF) routing pro-

T}, ms in queue k, the corresponding buffer size should be at most By = 0.125w; RT), KB, where wy,
is the weight allocated to queue k.

2We assume a light weight of DS traffics in the network and the tradeoff between buffer size and
packet drop is beyond the scope of this chapter.

3The highest priority queue is chosen because it is the minimum per-hop delay that can be
guaranteed by each router and it allows a finer granularity for path selection, especially for urgent
packets with small delay budgets.
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Figure 2.2: System model overview

tocol [37].

e Neighborhood queue information (NI), i.e., the local queue information shared
by neighboring routers. NI is useful for route selection and congestion avoidance.

Note that NI is exchanged more frequently at the level of a few milliseconds®.

Routers in the DSRP network generate forwarding tables based on GI. It is worth
noting that unlike single-path link state routing protocols such as OSPF, DSRP-
enabled routers adopt multipath exploration to reach the destination by computing
the shortest paths rooted from their neighbors. For example, for a target pair from
A to F as shown in Figure 2.2, three shortest paths can be obtained at router A by
running the shortest path algorithm from router B, C', and D, respectively, based on
the link-state information.

In our routing algorithm, multipath exploration provides larger routing decision

space at the cost of increment in time and space complexity. In a network consists of

4For easier implementation in practice, NI of each router can be a few bits piggybacked in the
frame header. In this context, the additional bandwidth cost of NI exchange is only a few Kbps.
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Figure 2.3: DSRP-enabled network with finite buffers

n nodes and an average number of k£ neighbor nodes. The time complexity of DSRP
increases to O(knlogn), while the time complexity of a single-path routing protocol
is O(nlogn). The space complexity for maintaining a forwarding table at each router
increases from n (for single-path routing protocol) to kn.

We numerically analyze the gain achieved by DSRP using a simple 2 x 2 grid
topology as shown in Figure 2.3, where the link rate is fixed at 20 Mbps. A source
application deployed in node A sends 1000 DS packets to the destination in node D
with a constant sending rate. We increase the sending rate by 5 Mbps from 5 Mbps
at each simulation. We compare DSRP with OSPF and show their throughput per-
formance variations under different sending rates. As shown in Figure 2.4, the blue
and red curves show the goodput performance of DSRP and OSPF, respectively, con-
sidering packet delay requirements (i.e., packets exceeding delay budget are ignored.
For simplicity, we refer to it as goodput.). The black dashed curve indicates the
total throughput achieved by OSPF without considering delay requirements, and the
magenta curve indicates the sending rate of the application.

As shown in Figure 2.4, both DSRP and OSPF achieve high throughput when
the sending rate is lower than the link capacity (i.e., 20 Mbps). Their performances
diverge from 15 Mbps when the sending rate approaches the link capacity. OSPF in
particular only achieves a total throughput of around 15 Mbps and a low goodput
of less than 5 Mbps when the sending rate exceeds the link capacity. On the other
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Figure 2.4: Numerical analysis of DSRP throughput improvements.

hand, DSRP maintains an increasingly high goodput performance and only starts to
decrease when the sending rate exceeds 40 Mbps (2 times the link capacity). The
performance gain achieved by DSRP is because both paths (A — B — D and
A — C — D) are used for packet transmission. Specifically, the scheduler at node A
selects a different path if the original path is congested. However, when the sending
rate approaches twice the link capacity, both paths become congested and packets
will be dropped directly, causing goodput performance degradation.

In summary, DSRP adopts priority queues to provide DiffServ while using per-
hop delay upper bound maintained by each router to explore multiple routing paths
with various delay guarantees. In this context, a rich set of forward decisions includ-
ing routing and queuing decisions at each hop can be obtained, which allows huge
scheduling space to accommodate bursty traffic via load balancing. Therefore, an
efficient routing and scheduling algorithm to determine the optimal forward decisions

is crucial in the proposed DSRP network.

2.3.2 Network Model

We consider a network that is modeled as a graph G =< N, L >, where N is the

set of routers (we use node and router exchangeable in the rest of the chapter) and
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L is the set of links. Let N and L be the number of nodes and links in the network,
respectively. Denote R as the link rate and the link rate between two neighboring
nodes ¢ and j is denoted by R; ;. Denote N; as the set of neighbors of node ¢ with
the size N;. For simplicity, we assume each node is connected with its neighbor node
via a specific port and the port ID is the same as the neighbor ID. For example, in
Figure 2.3, node A is connected to node B via port B at node A.

Let IC be the set of priority queues deployed at each port and has the size of K.
The buffer size of each queue is denoted by By, k € K which guarantees a delay upper
bound denoted by T}, and T3 < Ty < --- < Tk. In addition, we assume each DS
packet carries a tuple of information denoted by C = {Thuaget, Tstart} in its header,
where Tpyqqe: is the delay budget and Ty, is the set-off time at the source node®. The
routers in DSRP network select a route and a corresponding queue for each packet.
We couple the route and queue selection and refer to it as a forward decision. The
forward decision for each DS packet is determined based on C at the ingress buffer and
an NDS packet will be directly injected into the BE queue. Let H; be the complete
forward decision set at node i, then H; = {H;1,- -, Hij, -, Hin,}, where H,;; is
the forward decision set at port j of node i. The size of H; is denoted by H; and
thus, there are at most (NV; — 1) x K forwarding decisions at each node excluding the
ingress port. Finally, let hf ; € H; be the forward decision for each packet in node i,

which indicates that the packet should be enqueued to queue £ at port j.

2.3.3 Weighted-Round-Robin Scheduling Model

The WRR scheduling strategy is adopted to guarantee the per-hop delay upper bound
of each DG queue and avoid low-priority queue starvation. Let Tywrr be the total
service time of each round-robin period. Each queue is assigned with a portion of the

service time denoted by wy, where wy; > --- > wy and Zle wy = 1. The delay upper

bound guaranteed by each queue can be expressed by T = wi’j%, ke{l,2,--- ,K}.

5Here we assume all routers are synchronized using time-synchronization protocols, e.g., the IEEE
802.1AS standard [26].
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We further assume that the WRR scheduler at each port switches to the next queue

to serve if the current queue is empty so that no time slot is wasted.

2.3.4 Queuing Model

We consider a discrete-time system where packet arrivals and transmissions occur
at the beginning of each normalized time slot. Arriving packets are backlogged at
the corresponding queues before transmission. Let )\ﬁ ; [t] be the number of packets
injected to queue k at port j of node ¢ within time slot ¢. The number of packets
dequeued from queue k to node j is denoted by ,uf:j [t], 7 € N;, where ufj [t] = 1 if the
packet is successfully transmitted and ,ufj [t] = 0, otherwise. Denote Qf ; as the queue
length of queue k at port j of node 7. Then the queue dynamics of queue k£ can be
written as

FolE+ 1] = max{QF [t] —uf 1], 0} + AE[1]. (2.1)

The average queue length of all DG queues at port j after one WRR scheduling period

is given by
K—1Twrr

_ 1 .
Qij = K —1 Z Z Qisl7]; (2.2)

k=1 7=1

and similarly, the average queue length of all DG queues of node i is written as,

7 .

_ 1 Qi
Qi = N ;Qz‘,j, (2.3)

which is useful for reflecting the congestion status of node ¢ and generating NI shared

with neighbor nodes.

2.3.5 Problem Formulation

We use a simple 4-nodes network topology to explain our problem as shown in Fig-
ure 2.3, where all packets at the ingress buffer of node A have the same destination

to node D. Each port has three queues including two DG queues and one BE queue.
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There are two paths to reach node D from node A, ie., r; := {A — B — D}
and 7 := {A — C — D}, and we assume that the costs of both paths satisfy
the delay requirement of the application, i.e., max{Cost(r1), Cost(r2)} < T}, where
Cost(r) = >,c, GI, denote the routing cost (i.e. E2E delay) and Gl is the mini-
mum delay upper bound at each hop h along path r. In this context, the forward
decision set at each port of node A has the size Hip = Hac = 3 and a total size
Hp = Hpp+ Hyc = 6.

However, due to queue dynamics, not all queues in H 4 satisfy the per-hop delay
budget. Moreover, the congestion status at the downstream nodes (i.e., queue lengths
of node B and C) also varies over time. A congested downstream node can lead to
long queuing delay and heavy packet losses. Therefore, it is crucial to consider both
local queue dynamics and neighbor queue information in routing and scheduling. In
addition, since the WRR scheduler is adopted, there exists a mutual impact on queue
selection. For example, heavy usage of the high-priority queues results in long queue
delays in the low-priority queues because more time slots are used to serve the high-
priority queues in each WRR period. Similarly, a busy low-priority queue affects the
queuing time of the DS packets in the high-priority queues by using up the entire
service time in each period.

Based on the above analysis, we formulate the following routing and scheduling
problem aiming at maximizing the overall network utility. In brief, the optimization
problem focuses on finding a series of suitable forward decisions for each packet such
that its E2E delay requirement is satisfied while achieving load balance among priority

queues at each hop. Mathematically, the problem can be formulated as follows

T
PO: max 3 gu Pt ) + gn(Palfi o). (2.4
s.t. Delay(Py[t]) < Tyoudaget, Vt € {0,1,--- T}, (2.4b)

bl < aBy, Vije N, VkeK, (2.4¢)
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where g4(-) and g,(-) denote the network utility function for DS and NDS packets,
respectively; Py[t] and P,[t] denote the DS and NDS packets received by the destina-
tion at time slot t; hy and h,, denote the forward decisions made at each hop along
the path for DS and NDS packets, respectively; Delay(:) measures the E2E delay of
each DS packet received at the destination, which is calculated by Treceive — Tstart;
and « € [0,1] is the parameter to control the maximum queue length of each queue.
We fix a = 1 for simplicity. Eq. (4a) aims at maximizing the overall network utility
for the source-destination connection pair. Constraint (2.4b) ensures all DS packets
received by the destination node should have E2E delay less than their delay bud-
gets while constraint (2.4c) is used to avoid bufferbloat. Note that a packet will be
dropped in the ingress buffer if (2.4b) or (2.4¢) is not satisfied.

2.4 Algorithm Design

2.4.1 Delay-guaranteed Scheduling and Routing Protocol

The forward decision set grows with the increase of priority queues and the size of the
network causing higher time complexity. However, some forward decisions are detri-
mental to the network performance causing longer delay and loops [83]. To address
this issue, DSRP adopts a filter algorithm to filter out the undesirable routes in the
forward decision set and determines the optimal forward decision jointly considering

local queue information and neighborhood congestion status.

Route Filter Algorithm

Let ©; be the complete set of routes to reach the destination from node ¢ in the for-
warding table. Upon receiving a DS packet in the ingress buffer, the node computes a
threshold value, a threshold value Ty = min{7T},g,.;, Cost™(r)} is set as the thresh-

old value to filter out the undesirable routes, where T}, ;..; = Toudget — (Thow — Tstart)
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Algorithm 2 Delay-guaranteed Scheduling and Routing Protocol

Input: forward decision set H; at node i
Output: Forward decision hfj* = (route, queue)
Upon receiving a packet at the ingress buffer of node ¢
Read Tyydget, and Tqp from the packet and router
Compute residual delay budget:
T[;kudget = Tbudget - (Tnow - Tstart)
Set Tthld = min{Tg‘udget, COSt*(T)}
(Part 1: Route filter)
for each route in €2; do
Let Cost = Cost(route);
10:  if Cost > T4 then
11: remove route from €2,
12:  end if
13: end for
14: if Q;, = @ then
15:  Drop packet
16: end if

is the residual delay budget of the packet and Cost*(r) is the routing cost computed
in the previous hop®. If €; becomes empty after filtering, i.e., there is no available
path that satisfies the delay requirement, the packet is dropped directly in the ingress
buffer. Hence, the size of H; can be reduced to H; = (N] — 1) x K, where N/ is the
size of €); after filtering. The complete algorithm is shown in Algorithm 2 from line 3
to line 16.

In summary, the route filter algorithm ensures all the remaining routes in the
forward decision set have at least one queue (i.e., the highest priority queue) that
guarantees the delay requirement of the packet. It is also worth noting that the filter
also helps to avoid the loop problem in dynamic routing by ensuring the routing cost
of each forward decision selected at each hop is in descending order while approaching

the destination.

6The design rationale of T}j;q is to ensure the remaining routing paths satisfy the delay require-
ment, i.e., less than T} , et and are closer to the destination compared to the previous hop to avoid
loop problem. The major cause of loop in the DSRP network is the imbalance between a large delay
budget and path diversity.



26

Algorithm 2 Delay-guaranteed Scheduling and Routing Protocol

: (Part 2: Congestion-aware route selection)
: Obtain €;
: for route r; € 2, do

if v; =1 then

Remove r; from €;

end if
end for
Compute Thop(j) = Thop(J) = Tyvdget — Cost(r;)
for hﬁj € H; do

Compute Th[t] = (14 ) - ZalllPuisie

if T [t] > Thop(j) then

Remove hﬁ ; from H;

end if
. end for
- Obtain 7‘21
. if H; = & then
Drop packet
. else
Run DSROpt(H;)
Return: Routing decision hfj* = (port j, queue k).
. end if
: Enqueue packet to queue k at port j

© X TR

,_.
@

wg-R

I I R e T T T e e e

Congestion-aware Route Selection Algorithm

Although the filtered forward decision set ‘H,; satisfies the delay requirement, packets
may be dropped due to network congestion in the downstream nodes. We address this
issue by enabling queue information exchange among neighboring nodes. Inspired by
the idea from backpressure routing algorithms [100] where the backlog gradient is
used for packet scheduling, we develop a congestion-aware route selection algorithm
as shown in Algorithm 2 Part 2 from line 2 to line 22.

The algorithm works based on the design of VQM which periodically exchanges
local queue information with neighboring nodes. Specifically, the VQM at each node
computes the average queue length using Eq. 2.3 to estimate the current queuing

status. An indicator function 7 based on the average queue length is designed as
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follows
Q} = =
aj Ql < Q{Bl,
7 =4 -  JEN, (2.5)
1 le Z 04317

where Q} and B; refers to the average queue length and average buffer size of the
all highest priority queues of the node”. Such design helps to deliver the congestion
status of the downstream node to the upstream node. If node 7 receives a congestion
signal 7; = 1 from node j indicating heavy congestion, it removes the route to reach
node j from €2; to alleviate the congestion of the downstream nodes. Otherwise, it is
used as a control parameter for route evaluation.

Next, for each decision hf’j € H;, the router computes a weighted queue delay

denoted by T};[t], where

¥;lt] x PktSize

TRt = (147;) - 2.6
’L,j[ ] ( _I_ ,7]) ka ( )

and the per-hop delay budget T}, of each output port
Thop(j) = Tl;kudget - COSt(rj)a r; € Qz ] € M (27)

The weighted queue delay Tfj [t] of each forward decision hﬁ ; € H; is compared with
Thop(j), and hﬁ ; will be removed from H; if Tf] [t] > Thop(j), i-e., the per-hop delay
budget is insufficient to support the corresponding forward decision. Note that the
packet is dropped directly if the forward decision set is empty, i.e., no available deci-
sion exists. Finally, a fully simplified forward decision set 7—21-, i € N that guarantees
the E2E delay is obtained. Next, the router runs the proposed DSROpt scheduling

algorithm to determine the optimal forward decision hfj*

"This is because the highest priority queue guarantees the minimum delay upper bound of each
hop and is preserved for urgent packets by design (explained in Algorithm 3), its queue length is
sufficient to reflect the congestion status of the corresponding node.
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2.4.2 Network Utility Maximization

We aim to maximize the network utility as presented in PO. However, since the
forward decisions are spatio-temporally correlated, i.e., the current decision is affected
by decisions made in previous time slots and upstream nodes, and eventually affects
the overall network utility. Therefore, it is difficult if not impossible to find the
optimal scheduling policy at every node for every packet given the large scheduling
space, stringent delay requirement, and network dynamics.

To this end, we transform the utility maximization problem and let each node
computes the optimal forward decision for each packet. Specifically, at time slot t,
we represent each forward decision hy; € H; by a cost-reward tuple (T[], Gy 51tD),
where Gi-f ;[t] is the reward obtained for executing hi-f ;- The infinite horizon reward

per unit time cost ratio is then given by

T
_oGr [t
0= lim =20 Z”H, (2.8)
T=o0 ) o Tylt]

assuming the limit exists. In this context, the overall network utility can be improved
if 0; at each node ¢+ € N is maximized. Note that to avoid the divide-by-zero issue,
we set T} [t] = 1 if the queue is empty.

In other words, we decouple the end-to-end network utility maximization problem
in PO into a series of subproblems, where the reward per unit time cost ratio at each

node is maximized. Therefore, PO can be rewritten as follows

T k
_oGZlt
P1: max ;= lim ETO—ZJH, (2.9a)
M e T YL TR
s.t. (CZ—;,IT‘] [t]v Gf,j [t]) < D(7:L>7 te {07 17 T 7T}7 (29b>

~

where D(H) denotes the set of all possible cost-reward combinations in the forward
decision set H. Since the forward decision set is only known when the packet’s delay

requirement is observed and the state of the system is renewed after executing each
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forward decision, we identify each subproblem as a renewal optimization problem [96,
98]. However, due to the randomness of network dynamics and large space of D(?—A[),
it is impractical to find the optimal solution to P1 [98]. To address this issue, we
propose a heuristic algorithm that maximizes (2.9a) by learning from past forward

decisions.

Delay laxity-based reward function

We first discuss the design of our reward function which will be used in our proposed
scheduling algorithm. We focus on the scheduling of DS packets, as the NDS packets
are directly forwarded to the BE queue. Since there are multiple priority queues for
transmitting DS packets, it is unfair to use the same reward function to measure the
output gain of successful transmissions of DS packets using different priority queues®.
In this regard, we define a metric called profit to measure the true return of using
each queue. Let P = {P, P,,..., P} be the set of profit to use each queue from
high priority to low priority and P, < Py < ... < Px_,°. Furthermore, we define a
delay laxity as denoted by

L 1wt = Thop(j) = T

Zi]’

.
ht e H; (2.10)

as the residual per-hop delay budget, which is helpful in measuring the urgency of each
DS packet [112]. Finally, we define the reward function for successfully transmitting
the DS packets of choosing decision hfj from H; as follows

Gyl = Pi- Li; = Pi (Thop() — T15), Dij € H. (2.11)
The goal of such design is to first use the lower priority queues when available while

preserving the higher priority queues for the urgent packets yet to come.

8Otherwise, the high priority queues are more likely to be selected as they provide smaller delay
upper bounds.

9For simplicity, we set the profit of each DG queue to be inversely proportional to the weight
assigned to them, i.e., Py = 1/wy.
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Algorithm 3 DSROpt scheduling algorithm

Input: forward decision set 7:li, Ui
Output: forward decision hi-‘i j
Initialize ¢, ¢’ = 0, O[t] € [Omin, Omax),
for each decision hfj € 7:[1 at node 7 do
k k :
S;)gn;)itzﬁj[t[]t]_agg]?y[[tt]] using (2.6) and (2.11)
7 2y}
if ¢ > ¢’ then
¢' = ¢, port = j, queue = k

end if
end for
. Update 0t + 1] = [0[t] + n(G¥,[t] — O[T [1])] 7

amin

—_ =
— O

—_
[N)

. Return: decision hﬁ ; = (port j, queue k)

Renewal optimization-based scheduling algorithm

Each router in the DSRP network is essentially a renewal system that updates its
state, i.e., queue status, after executing each forward decision. But due to network
randomness and lack of packet knowledge, it is impractical to find the optimal schedul-
ing strategy that maximizes (2.9a). To this end, we develop a heuristic scheduling
algorithm DSROpt based on renewal optimization as shown in Algorithm 3.

Although packet arrival is unknown, the cost-reward pairs of all possible combi-
nations are bounded. For example, the output gain for each DS packet is bounded
by

Gl € [Griny Ginax] = [0, Prc - max{Thop}] , hij € Hi.

Similarly, the time cost T}, is bounded by [T}, T5], where T}, and T} are the delay
upper bounds maintained by the highest priority queue and the lowest priority queue,
respectively.

Assume the tuple {Tiin, Tmax; Gmin, Gmax } 18 fixed at each node, where
Tin = min {T},]i,j €N, k€ K},

Tax = max {T}|i,j €N, k€ K},
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Gumin =min {G,li,j €N, ke K},
Gmax =max {G},|i,j €N, ke K}.

Let

6) o . Gmin Gmin 9 _ 3 Gmax Gmax
min — 111111 Tmax7 Tmin ) max — 1aX Tmax 9 Tmin

denote the minimum and maximum reward per unit time cost ratio, respectively.
Then the optimal 6* satisfies the condition 0,,;, < 0* < 0., if exists.

Note that always choosing the decision which yields the maximum reward does
not necessarily maximize 6 over time given the temporal correlations between forward
decisions. To solve the optimization problem in P1, an iterative approach proposed
in [98] is adopted, where 6* can be approached by constantly selecting the cost-reward
pair that maximizes the reward gradient ¢ = G} ,[t] — 0[t]T};[t]. In other words, the

router determines the optimal forward decision by solving the following problem

P2:  max G[t] — O[T} [t], (2.12a)
hk €M ’ ’
st (TF[t], G¥5[t]) € D(H). (2.12D)

Here 6[t] is updated after each decision

Ot -+ 1) = [611] + nft) (G, 1) — AT )] (2.13)

emin

where 7 is the step size of each iteration and [m]z::;";‘ denotes the normalization of x
within the range of [Opin, Omax]. The convergence of the update rule (2.12) is discussed
in the Appendix. Such an opportunistic online learning approach is effective because
the historical decisions are included in the optimization objective. The complete
scheduling algorithm is summarized in Algorithm 3. To be more specific, each node
i € N initializes the reward per time cost ratio 8[t] by randomly selecting a value from
the range [fiin, Omax] at t = 0. To determine the optimal forward decision for a DS

. . . k
packet received at time slot ¢, the node first computes the weighted queue delay T77; [t]
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(a) 3 x 3 grid topology. (b) U.S. backbone network.

Figure 2.5: Network topologies used in the experiments.

and output gain G¥,[t] for each available forward decision hf; € H,; of the packet.
Then, it selects the forward decision that solves P2 and updates 6[t] according to

(2.13).

2.5 Performance evaluation

In the experiment, we implemented DSRP using the ns-3 network simulator [113].
Three priority queues including two DG queues and one BE queue are deployed at
each port of each router. Note that the model can be easily extended with more
priority queues to achieve a finer-granularity performance.

We compare the performance of DSROpt scheduling algorithm (denoted by DSR
in our simulation results) with three BP-based scheduling algorithms such as the
finite-buffer max-weight algorithm [71] (denoted by MAX), sojourn-time-based BP
algorithm [52] (denoted by TBP), MW+BP algorithm developed in [132] (denoted
by MBP), and one greedy algorithm denoted by GRD which always selects the
route/queue with the highest reward calculated by Eq. (2.11). All algorithms are
implemented based on the proposed DSRP network architecture with priority queues.
In addition, we use a single-queue network that adopts OSPF routing protocol (de-
noted by BEF) for packet delivery as the benchmark in our experiment. Since we

assume a static network topology and link cost in our experiment, OSPF provides
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Table 2.2: Network configurations

Parameters DG queue 1 DG queue 2 BE queue
Weight 0.5 0.3 0.2
Buffer size (packet) 6 17 100
Network type Source Destination

Grid N9, Ng, N1 ng, N7, Ng

Mesh ng, N2, M5, N6 117,20, 23, N5

comparable performance as a centralized routing algorithm in static networks.

2.5.1 Network Configurations

We consider two types of network topology in the experiments, i.e., a 3 x 3 grid
network and a 26-nodes mesh network as shown in Figure 2.5. Every router in both
networks has the same configurations as summarized in Table. 2.2. The buffer size
and weight assigned to each queue are 1200, 3400, and 20K bytes, and 0.5,0.3, and
0.2, respectively. The link rate of all links in both networks is fixed at 20 Mbps unless
mentioned otherwise. All packets have the same size of 200 bytes. Therefore, the DG
queues guarantee a per-hop delay upper bound of 2 ms and 10 ms, respectively. The
propagation delay of each link is randomly selected from a [3, 5] ms range.

We use the (Src, Dst) pair to indicate the source-destination connection in our
experiments. In the grid network, (ng,ng) is used as our target pair, i.e., (Sp, Do) as
shown in Figure 2.5, for analysis while three other pairs (ng, ng), (n1,n7), and (ng, ng)
are set to simulate the background traffic in the network. In the mesh network,
(no,nos) is the target pair. Three pairs (ng,nag), (ns, n17), and (ng, nag) are used for
simulating background traffics. Note that in our experiments, we only evaluate the

performance of the target pairs.

2.5.2 Performance Metrics

Several performance metrics are defined to measure the performance of each algo-

rithm: (1) the E2E delay of each DS packet, (2) the average E2E delay of all DS pack-

total received bits
total Tx time

ets and their standard deviation, and (3) the goodput calculated by



Table 2.3: Experiment settings

Impact of

Target pair

Background pair

Bursty traffic

Base rate: 5 Mbps
Bursty range: 1~15 Mbps
Base rate: 1 Gbps
Bursty range: 0~2.5 Gbps

Base rate: 10 Mbps
Bursty range: 1~5 Mbps
Base rate: 1 Gbps

Bursty range: 0~0.5 Gbps

Traffic density

Base rate: 10 Mbps

Base rate: 5 Mbps
(DS) Increase by 1 Mbps
(NDS) Increase by 2 Mbps

Delay budget

Base rate: 10 Mbps

Delay budget reduce by
2 ms per epoch

(DS) Base rate: 5 Mbps
Bursty range: 1~15Mbps
(NDS) Base rate: 10 Mbps
Bursty range: 1~5 Mbps

NDS traffics

Base rate: 5 Mbps
Increase 2 Mbps per epoch

(DS) Base rate: 5 Mbps
(NDS) Base rate: 10 Mbps
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We also define the performance gain as a; Nps + as Nnps, where ay and as (a; > as)
are the utility gain for successfully receiving DS packet and NDS packet at the des-
tination. In our experiments, we fix a; = 3,a, = 1. Note that all DS packets that
exceed their delay budget are discarded in the network or at the receiver side, i.e.,

are not considered in performance evaluations.

2.5.3 Simulation results and analysis

We designed four experiments to evaluate our proposed delay-guaranteed solution.
Specifically, we tested its delay and goodput performance under bursty traffic, dif-
ferent traffic volumes, various delay requirements, and co-existence with NDS traffic.
Each experiment consisted of several simulation rounds with different settings, called
epochs. All experiments used UDP traffic and their settings are summarized in Ta-
ble 2.3. In addition, we select two representative algorithms, TBP and BEF, to show
their standard deviations in end-to-end delay. TBP is selected because it leverages
the local queuing delay to make scheduling decisions and it performs the second best

in our experiments.
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Figure 2.6: Comparisons under bursty traffic

Impact of bursty traffic

In this experiment, we verify the performance of DSROpt scheduling algorithm under
bursty traffic using the 3 x 3 grid topology. Both target and background traffic
pairs transmitted DS packets with bursty sending rates. The target source node
transmitted 50000 packets at a base rate of 5 Mbps and an additional bursty rate
of 1 ~ 15 Mbps. The background traffic pairs had a base rate of 10 Mbps and an
additional bursty rate of 1 ~ 5 Mbps. All DS packets required a 30 ms end-to-end
delay performance.

The simulation results are presented in Figure 2.6, where our algorithm achieves
the best delay and goodput performance compared with other algorithms. As shown
in Figure 2.6(a), DSROpt guarantees the most DS packets delivery up to 98% within
30 ms. GRD, MBP, and TBP show similar performances guaranteeing around 82%
of the DS packets while MAX achieves 76% of E2E delay guarantee. BEF only
guarantees 59% of the packets due to severe packet drop caused by congestion and
bufferbloat.

Without loss of generality, we also compare the average delay and goodput per-
formances of all algorithms as shown in Figure 2.6(b). As expected, DSROpt shows
the highest goodput up to 8.2 Mbps while GRD, MBP, and TBP give similar good-
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Figure 2.7: QoS performances with high link rate

put around 7.2 Mbps. MAX shows a worse goodput performance of 6.7 Mbps. BEF
gives the worst goodput performance of 5.2 Mbps. As for the average E2E delay, the
BP-based scheduling algorithms achieve similar delay performances, among which
MAX shows slightly better performance as it achieves load balance using the queue-
length gradient. Overall, the proposed priority queue-based network outperforms the
single-queue network because the upstream nodes are able to change routes for the
DS packets. DSROpt outperforms other algorithms thanks to its congestion-aware
design which helps to avoid congested paths to improve goodput.

In addition, we verify the scalability of our network architecture and DSROpt
scheduling algorithm using a high link rate network setting. Each link has a rate
of 2 Gbps. The target source application transmits DS data packets with a bursty
sending rate ranging from 1.0 ~ 3.5 Gbps and the background traffics have a sending
rate of 1 ~ 1.5 Gbps. The goodput and delay performances of DSROpt and other
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Figure 2.8: QoS performance comparison using mesh network
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Figure 2.9: Comparisons under different delay budgets.

algorithms are shown in Figure 2.7. The results show that DSROpt has good scal-
ability and is able to maintain high goodput and low E2E delay in high data rate

network settings.

Impact of traffic density

In this experiment, we use the mesh network topology to verify the performance of
DSROpt under various traffic densities. In the target pair, the source node transmits

10000 DS packets with a delay budget of 45 ms to the receiver at a fixed sending
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rate of 10 Mbps in each epoch. As for the background pairs, both DS and NDS
applications are deployed. The sending rate of the DS and NDS application increases
by 1 Mbps and 2 Mbps at each epoch from 5 Mbps, respectively.

Figure 2.8(a) shows the delay performance. The E2E delay of BEF increases
quickly because all traffic uses the same queue for packet transmission and OSPF
always chooses the shortest path for packets routing, which can easily result in network
congestion when the packet arrival rate exceeds the link capacity, leading to a long
queue delay and bufferbloat. This also accounts for the large end-to-end delay variance
in each epoch. BP-based algorithms (GRD, MAX, TBP, and MBP) show similar
performances, degrading from the 5th epoch when the aggregated sending rate exceeds
link bandwidth. DSROpt performs best throughout the experiment, reducing end-
to-end delay by up to 22.5% compared to BP-based scheduling algorithms.

Figure 2.8(b) shows the goodput performance. BEF performs the worst due to
heavy congestion and packet drops as traffic density increases. MAX, GRD, and
MBP show similar patterns as the sending rate grows, with GRD experiencing more
rapid performance degradation due to congestion. TBP has better goodput perfor-
mance with slower degradation because it considers each DS packet’s sojourn time
and schedules urgent packets to higher priority queues, reducing delay outage drops.
On the other hand, DSROpt maintains the highest goodput throughout the experi-
ment and is only reduced by 0.8 Mbps until the last epoch. Overall, DSROpt achieves
a goodput increase of up to 26.4% over BP-based scheduling algorithms.

Impact of delay requirements

Furthermore, We show the impact of the delay requirements using the mesh network
topology. Similar to the previous settings, the target pair transmitted 20000 DS
packets at a fixed rate of 10 Mbps while the background pairs transmitted 10000
mixed DS and NDS packets at a varying rate of [10,30] Mbps in each epoch. The
delay budget for the target application decreased from 50 ms to 40'°. The simulation

ONote that the minimum E2E cost that can be guaranteed for the target pair is 40 ms.
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Figure 2.10: QoS performance comparisons on DiffServ property for DS applications.

results are shown in Figure 2.9.

Overall, GRD, MAX, TBP, and MBP show similar delay and goodput perfor-
mance. All experience rapid goodput degradation when the delay budget is less than
44 ms, approaching the target pair’s minimum delay cost to reach the destination.
DSROpt maintains a good performance, reducing delay by up to 28.1% and improv-
ing goodput by up to 47.5% compared to other BP-based scheduling algorithms. It
maintains a goodput of 9 Mbps when the delay budget is 40 ms while BP-based
algorithms degrade to less than 7 Mbps. This is because DSROpt considers each
packet’s delay requirement and temporal correlations among forward decisions for
scheduling. On the other hand, BP algorithms aim to minimize per-hop time cost in
scheduling packets, frequently occupying high-priority queues and leading to goodput
degradation when the delay budget is small.

Differentiated service

The DSRP network architecture can provide DiffServ to both DS and NDS traffic
simultaneously and achieves the highest performance gain using DSROpt. We verify
this property using the grid topology shown in Figure 2.5. Two applications, one
DS with a delay requirement of 35 ms and one NDS, are deployed at the target and
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Figure 2.11: QoS performance comparisons on DiffServ property for NDS applica-
tions.

background pairs. In each epoch, we increase both applications’ sending rate by
2 Mbps from 5 Mbps for the target pair. The background pairs’ sending rates are
fixed at 5 Mbps for the DS application and 10 Mbps for the NDS application. We
evaluate both applications’ QoS metrics for the target pair and only compare DSROpt
with the BP-based scheduling algorithms.

The QoS performances of DS applications are presented in Figure 2.10. As shown
in Figure 2.10(a), the average E2E delay achieved by all algorithms increases in
each epoch due to the longer queuing delay. GRD achieves the least delay when
the network is less congested but quickly grows to the highest as the sending rate
increases due to its greedy exploration strategy causing congestion and long queuing
delays. DSROpt performs best when the network becomes more congested because
it considers both downstream and current node congestion when making forward
decisions. As for the goodput performance shown in Figure 2.10(b), all algorithms
have similar performances when the network is underloaded. BP-based algorithms
gradually diverge when network traffic exceeds link capacity from the 4th epoch.
MBP degrades quickly from the 5th epoch when the target pair’s aggregated sending
rate exceeds 20 Mbps and the rest saturate from the 6th epoch. DSROpt shows an
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Figure 2.12: Performance gain achieved by different algorithms.

approximately linear goodput increase, reaching up to 16.2 Mbps when the DS packet
sending rate is 17 Mbps, with TBP achieving the second-best goodput of 16 Mbps.

In terms of NDS applications, the QoS performance presents a different pattern as
shown in Figure 2.11. Two groups, GRD and MBP, and MAX and TBP, show similar
performances in delay and goodput, respectively. All algorithms show low goodput
and increasingly high end-to-end delay as the sending rate grows due to a single
queue and shortest path being used for NDS packet transmission. The MAX and
TBP group, in particular, sees a sharp delay increase when the sending rate increases
because they heavily exploit optimal queues/routes for DS packet transmission while
starving low-priority queues transmitting NDS packets. On the other hand, DSROpt
achieves the best performances in both E2E delay and goodput compared to the
BP-based scheduling algorithms because it considers the mutual impact of forward
decisions by maximizing the long-term reward per unit time cost ratio at each node,
maintaining good performance for both DS and NDS applications.

We also compared the network performance gain achieved by different scheduling
algorithms as shown in Figure 2.12. DSROpt achieves the best performance, 10.2%
higher than MBP. Although the pattern varies by tuning the utility gain (i.e., a; and
as) of DS and NDS packets, DSROpt always performs best. We can conclude that
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DSRP can provide DiffServ to different applications with different delay requirements.

2.6 Conclusion

In this chapter, we investigate a novel distributed, congestion-aware, and delay-
guaranteed solution for time-sensitive applications named DSRP. A DSRP-enabled
network provides multiple routes to reach the destination by design, therefore, an
efficient routing algorithm that achieves high network utility while guaranteeing the
E2E delay is desired. To this end, we propose DSROpt, a novel scheduling algo-
rithm that selects routes and queues for each packet based on the delay requirement,
downstream congestion status, and local queue information. To verify the perfor-
mance of our solution, we implemented a prototype on ns-3 and compared it with
the state-of-the-art via simulations. The results show that DSROpt guarantees the
E2E delay requirements while achieving the highest goodput and network utility in

various experiments.
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Chapter 3

Downlink Scheduler for Delay
Guaranteed Services Using Deep

Reinforcement Learning

In Chapter 2, we focused on the scheduling and routing problem in wired data net-
works where we proposed a novel network architecture using priority queues to guar-
antee various end-to-end delay requirements. However, the proposed solution may
not be effective and cause delay outage in the last hop especially when packets ar-
rive at the end of the queue with a small remaining delay budget. In addition, most
time-sensitive applications nowadays are implemented in a wireless network setting
and its unstable channel condition feature adds more challenges to supporting delay-
guaranteed service. In this chapter, we focus on the downlink scheduling problem
and aim to address the aforementioned issues. We explore the possibility of further
improving network utility by considering a novel delay-aware selective scheduling al-
gorithm.

Table 3.1 summarizes the notations and definitions used frequently in this chapter.
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Table 3.1: Notations and definitions

Symbol | Definitions

K, Sets of packets

U Sets of users associated the BS

A(t) Packet admission matrix

Su(t) Control variable of serving user u at slot ¢

n(t) Transmission status of packets

Nui(t) | Variable of transmitting packet &k to user u at slot ¢
C(t) Channel condition vector

Cy(t) | Channel condition of downlink u at slot ¢

1,.(%) Value of successful transmission of downlink « at slot ¢
Q(t) Set of packets backlogged in each queue

Q.(t) | Backlogged packets of queue u at slot ¢

Ty k(t) | Sojourn time of packet k in queue u

Thy Maximum tolerable delay of packet k € ‘H

D, x(t) | Queuing state of packet k in queue u

L, x(t) | Delay budget laxity of packet k in queue u

W Gain weights of packets with high delay requirements
P Discount factor

G(t) Achievable gain of the system at slot ¢

A, Average packets admitted to queue u over all slots
A7 Weight of objective i in the n-th subproblem

3.1 Introduction

The resource scheduling problem of wireless networks has been extensively studied

in various contexts, where throughput and delay are the main performance index

[31,70,99]. For the case when the traffic is inside the capacity region, the throughput

is equal to the arrival rate and then the throughput maximization problem reduces to

a network stability problem. The network can be stabilized by a max-weight policy

that schedules links per time to maximize a weighted sum of transmission rates, where

the weights are queue backlogs [45]. This is typically shown by the Lyapunov drift
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theory [40]. For a general case when the traffic is either inside or outside of the
capacity region, the max-weight policy can be combined with a flow control policy to
jointly maximize the throughput and stabilize the network [9,72,85]. In [93] and [53],
a delay-based Lyapunov function was proposed, where the delay of the head-of-queue
packet is served as a weight of the max-weight decision. Although there are few
works that use delay-based scheduling to solve joint stability and utility optimization
problems, it is not suitable for applications with stringent delay requirements.

In this chapter, we propose a delay-aware scheduling policy to guarantee the de-
lay of time critical packets. Specifically, we consider a single-hop downlink network
following a similar network assumption in Chapter 2 where packets are prioritized
in terms of delay requirements the delay information is carried by each packet. To
describe the utility of different classes of packets, we define an output gain func-
tion where packets with high delay requirements yield high output gain. Although
scheduling high delay requirement packets can obtain high output gain, it may re-
sult in packets in lower classes being dropped unnecessarily due to excessive delay.
Therefore, a delay-laxity concept is introduced where packets with the least laxity
are prioritized. In this context, we formulate a multi-objective optimization problem
(MOOP) aiming to minimize the average queue length while maximizing the average
output gain under the constraints of guaranteeing per-packet delay and achieving
fairness among users.

Although dynamic programming methods can solve this problem, if the environ-
ment changes over time, the solution has to be recalculated which may take a similar
amount of time as the initial solution. To this end, we provide a new framework for
solving this MOOP through deep reinforcement learning. We decompose it into a
set of scalar subproblems using a weighted sum approach and solve each subprob-
lem cooperatively with other subproblems through a neighborhood-based parameter
transfer strategy. We then model each subproblem as a partially observable Markov
Decision Process (POMDP) and resort to a double deep Q network (DDQN)-based

scheduling algorithm to learn. Moreover, our proposed DDQN-based algorithm can
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address the curse of dimensionality with large state and action spaces and reduce
Q-value overestimation.

The rest of the chapter is organized as follows. We discuss the related works in
Section 3.2. In Section 3.3, we explain our system model and formulate the net-
work optimization problem with detailed analysis. In Section 3.4 and Section 3.5,
we discuss the proposed DRIL-based framework and DDQN-based algorithm, respec-
tively. Extensive simulations are designed to verify the performance of our model and

algorithm in Section 3.6. Finally, we conclude our work in Section 3.7.

3.2 Related Works

There have been many studies on wireless resource management using stochastic
optimization. In particular, the theory of Lyapunov drift and optimization has been
used to ensure network stability and utility optimization [65]. When the arrival rate
is within the capacity region, the throughput optimization problem reduces to the
network stability problem and then the Lyapunov drift technique has been employed
to stabilize the network by greedily minimizing the Lyapunov drift every time slot.
The max-weight or backpressure algorithm was first used for link and server scheduling
in [125] and [24] and has since become a promising solution for dealing with stability
in various network domains [73,79,82]. In a more general case when the arrival
rate is either inside or outside of the capacity region, the Lyapunov drift-plus-penalty
technique is used to solve joint network stability and utility optimization problems [41,
81,101]. It is shown that although the max-weight algorithm can achieve throughput
optimality, it results in high network delay due to the long queue length [101].
Recently, reinforcement learning has been actively used to tackle network prob-
lems such as network traffic and resource control [14,30,34,139]. In [139], a deep
Q-learning algorithm based on recurrent neural networks was proposed to learn a
scheduling solution for queuing delay optimization by interacting with the environ-

ment. In [34], an RL-based scheduling framework was proposed that is capable of
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selecting different scheduling rules based on the instantaneous scheduler state to mini-
mize packet delays and packet drop rates for applications with strict quality of service
(QoS) requirements. In [30], a new learning-based proactive resource-sharing policy
was proposed for next-generation core communication networks. It aims to proac-
tively allocate available forwarding resources on switches to traffic flows to maximize
the efficiency of resource utilization with delay satisfaction. The work in [14] pro-
posed a learning-based resource management algorithm that tackles the large queue
backlog problem of the max-weight algorithm while achieving throughput optimal-
ity. However, most RL works may not be always suitable for addressing the discrete
and high-dimensional action spaces in our formulated multi-objective optimization

problem with delay guarantees and utility optimality.

3.3 System Model and Problem Formulation

3.3.1 Network Model

We consider the downlink scheduling problem of a single-hop network as shown in
Figure 3.1, which consists of one base station (BS) and U ground users. Let U =
{1,---,U} denote the set of users that are associated with the BS.

The single-hop network is assumed to operate in discrete time with normalized
time slots ¢ € {0,1,---}. All random arriving packets are queued separately for
transmission over each downlink. We define the set of packets as £ = {1,--- , K}
which comprises three classes of packets with different delay requirements denoted
by H, M, and L, i.e., K & HU MU L. The packet arrival rate p,(t) for each
user is assumed to be independent and identically distributed over time slots. As
shown in Figure 3.1, we consider admission control before injecting each packet into
the corresponding buffer. Let A(t) € {0,1}y«; denote the packet admission vector,
where A,(t) = 1 if the packet is injected to queue u at time slot ¢ and A,(t) = 0

otherwise. For convenience, we assume that each packet has the same size and that
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Figure 3.1: Delay-aware selective scheduling.

at most one packet arrives at each downlink at each time slot, so > ., A, (t) < U.
Note that, unlike most works that consider the first-in-first-out (FIFO) queue

management, the packet scheduler of the BS (i.e., agent) in the proposed DASS

model selects a suitable packet from all queues to forward by jointly considering link

conditions and network-utility maximization!.

3.3.2 Association and Transmission Model

Let S(t) = {S:(t),---,Su(t)} denote the user association vector, and its element
Su(t) = 1if user u associates with the BS at time slot ¢ and S, (t) = 0, otherwise. For
a given wireless channel, we assume that the BS serves one user at each time slot,

which yields the following constraints

Su(t) € {0, 1}, Vu,t,

3.1
Zueu S.(t) =1, Vi. .

For simplicity, we consider the scheduling for a single channel, i.e., at most one

!The implementation of DASS mechanism can be achieved by using a set of priority FIFO queues
for each user such that packets of the same priority are backlogged in the same buffer and their delay-
laxity follows an ascending order.
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packet can be transmitted per time slot, which can be easily extended when there are
a number of orthogonal channels. Accordingly, we introduce discrete binary trans-
mission variables 7, () € {0,1} to indicate the transmission status of packet k of

queue u at time ¢t. Then the transmission constraints are given by

> Mkt) L Vu U k€K, (3.2)

Note that the probability of successful packet transmission over each downlink
is affected by the channel condition of the corresponding downlink. We use C(t) =
{C1(t),--- ,Cy(t)} to denote the channel condition vector, which is assumed to be
known by the BS at the beginning of each time slot. For given vectors n(t) and C(t),

the probability of successful packet transmission over downlink u is expressed as
Pr(downlink to u success|n(t), C(t))= ®,(n(t), C(t)), (3.3)

where the probability function ®,(n(t), C(t)) for u € U takes only real values between
0 and 1. Moreover, we introduce an indicator variable 1,(t) to indicate the successful

transmission of downlink wu:

1, with probability ®,(n(t), C(t)),
1,(t) = (3.4)
0, with probability 1 — ®,(n(t),C(?)).

Then the discrete transmission variable 7, in (3.2) can be rewritten as

T () = Mo () L (1) (3.5)

2Since the maximum utility is independent of interlink success correlations [96], it suffices to use
only the marginal distribution function ®,(n(t), C(¢)) for each v € U.
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3.3.3 Queuing Model

We define Q(t) = {Q1(t),- - ,Qu(t)} as the set of packets currently backlogged in
each queue. Let z,(t) denote the sojourn time of packet k in queue u at time slot
t. In addition, the maximum tolerable queuing delay for the three classes of packets
are denoted by Thy, Thy;, and Thy, respectively. Packet k& will be dropped when its
sojourn time in queue w is larger than its maximum tolerable queuing delay. Thus,
we introduce a binary delay outage drop variable D, x(t) to indicate the drop state

of each packet, i.e.,

Dy y(t) = Vke HUMUL. (3.6)

0, if xuk(t) < Thk,

To sum up, the queuing dynamics of queue u, including forwarding packet j to the
corresponding user while dropping the delay outage packets in the queue, is expressed

as

Qu(t + 1) = maX{Qu(t>_Su(t)ﬁu,j - Z Du,i(t)a O}
i#4€Qu(?) (3.7)

+ Au(t), Vi, je Qud).

3.3.4 Scheduling and Gain Model

We define the delay laxity [106] as follows:
Luk(t) = Thy — l’uk(t),Vk € Qu(t), Vt, ke HUMU ,C, (38)

which measures the remaining queue delay budget. To reduce the packet drop rate per
queue, we expect to select the packet with the minimum delay-laxity for transmission.
Since the BS only transmits at most one packet per time slot, we can obtain different
output gains after successful transmission of different classes of packets. We define

the gain weights of packets with high, medium and low delay requirements as wgy, was
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and wy,, respectively, where wy > wyr > wy. In addition, we consider the discounted

potential output gain for all packets backlogged in each queue, which is given as

)=p Y ruxt), VuelU ke HUMUL, (3.9)

keEXy(t)

where 7, 1 (t) = is the transmission gain of packet k in queue u; p € [0, 1] denotes

(t)
the discount factor; and X, (t) denotes the set of remaining packets in queue u per
time slot after the packet-drop decision is executed. If packet k in queue u is served

by the BS in time slot ¢, the gain received by queue u can be expressed as

Guit) =rui®) +p( D s +Y. D rws() (3.10)

i#k,1€ Xy (t) u'Fuu'€UjeX /(L)

Hence, the average achievable gain of all queues at each time slot can be expressed as

60 =2 3| T PO+ Suo(1 — ) + 3 (1 S0

uel " keX,(t)

(3.11)

3.3.5 Problem Formulation

We define a scheduling problem that considers per-packet delay requirement, network
utility, average queuing delay, and admission fairness among users. The gain model
introduced in the previous section is defined as the network utility function. Let
F(A) be a concave and non-decreasing function of the U-dimensional vector A =
{Ay,---, Ay}, where A, is used to denote the time-average admission of queue u € U
(in unit of packets/slot). The following function is useful for addressing network

fairness when attributing A, to be non-negative [94]:

F(A) =) F,(A) =) log(l+1A,), (3.12)
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where v, is a positive constant. This example is useful because each component
function log(1+v,A4,) has a diminishing return property as A, increases and becomes
0 when A, = 0. The average queuing delay is proportional to the average queue
length. Therefore, we formulate a multi-objective optimization problem aiming to
minimize the average queue length while maximizing the average output gain under
the constraints of achieving fairness among users and guaranteeing per-packet delay.

Mathematically, this problem is written as

P1: {_ LY S EQu+ 1), %ZG(t)} (3.130)

U U
st SOR(A) 2 Y ), (3.13)

u=1 u=1
1 T
Ut ) |
A< 2_; B[S, (£)iu.1(1)], Yu € U (3.13¢)
S.(t) € {0,1},Vu e U, ZUEM S.(t) =1, (3.13d)
k() €{0,1}, D mus(t) < 1,Vut, (3.13¢)
kEX . (t)

17 if quk(t) Z Thk,
Duylt)= Yk e X, (t). (3.13f)

0, if 2u(t) < Thy,

where 4, = + S E[A,(t)] denotes the average number of packets admitted to queue
u overall time slots and 7, € {0,1} denotes the auxiliary variable that is important
for achieving fairness among users with random arrival rate [3]. Constraint (3.13c)
guarantees the mean rate stability. In addition, constraint (3.13d) indicates that the
BS only serves at most one user at each time slot while constraint (3.13e) is used
to limit the number of packets transmitted by the BS in each time slot. Constraint

(3.13f) shows the value of D, (t) should be either 0 or 1.
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Figure 3.2: Implementation of priority-based single-queue packet selection

3.3.6 Reduced-complexity Scheduling Model

The implementation of the proposed scheduling model may be inefficient in practice,
especially for queue maintenance and packet selection. To address this issue, the
single-queue model can be replaced by a set of FIFO priority queues as shown in
Figure 3.2. The number of priority queues is determined by the delay budget of
packets with different delay requirements such that packets in the same priority queue
follow the sequence of delay laxity L., from small to large. Instead, the output gain
ru i Of packets in each queue follows a descending order from large to small since the
weight wy of the same queue remains the same. Thus, only the first packet of the
same queue needs to be considered for scheduling in each packet-selection process.
In addition, only the head of queues should be checked for dropping as well. In our
example, three priority queues are designed where w,, g > w, s > w, . Furthermore,
packets enqueued in the same queue have the same delay budget, i.e., Thﬁ’1 = Thﬁ’2 =
= Thﬁgm for k € {H, M, L}, where @, is the queue length of priority queue k
in downlink u. The potential sojourn time of packet i in priority queue k of downlink
u is denoted by @ ; for i = 1,2, , Qup, which follows af; > af, > -+ > g .,
while the output gain of all packets in this queue has 7’571 > rfj,g > > TSQM. Note
that the number of queues with the same weight can be further extended to meet the
time granularity requirements at the cost of memory space. However, the problem

formulation remains the same as shown in P1.
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3.4 DRL-based Throughput and Delay Optimality

The presented problem P1 is difficult to solve mainly pertaining to the following
reasons. Firstly, the downlink selection and packet scheduling variables are binary,
and thus (3.13d) and (3.13e) involve integer constraints. Secondly, in problem P1,
the first objective minimizing the average queue length and the second objective
maximizing the output gain involve conflicts. Although there are several classical op-
timization algorithms (e.g., dynamic programming and multi-objective genetic local
search) that can be used to solve this problem, they have high computational com-
plexity, especially in large-scale scenarios. In addition, due to the curse of uncertainty
(i.e., random arrival of packets), it is difficult and impractical to solve using dynamic
programming-based algorithms in practice. To this end, we propose a deep rein-
forcement learning (DRL)-based method to solve this multi-objective optimization
problem, which is used to learn policies by interacting with the environment without
any prior knowledge to maximize the cumulative rewards from experiences. Specif-
ically, we decompose problem P1 into a set of scalar optimization subproblems by
using the weighted sum approach [27]. We then model each subproblem as a partially
observable Markov decision process (POMDP) and explore an efficient double deep
Q network (DDQN)-based algorithm to solve it. In particular, we collaboratively
optimize the network parameters of all subproblems by applying the neighborhood
parameter transfer method [37] and the proposed DDQN-based training algorithm.

3.4.1 DRL for Multi-objective Optimization

In this subsection, we decompose the multi-objective optimization problem into a
set of scalar subproblems. There are many scalarizing methods that can be used for
decomposition, such as the weighted sum method and the penalty-based boundary in-
tersection method [66]. For simplicity, we use the weighted sum method in which a set
of uniformly distributed vectors A, --- | A is given, e.g., (1,0), (0.99,0.01),--- ,(0,1)

for a bi-objective problem. Note that A\ = {\,1, -+, \,r}, where L is the number
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of objectives. Thus the original multi-objective problem is transformed into N scalar
subproblems and each subproblem is solved collaboratively with other subproblems
through the neighborhood-based parameter transfer strategy. Note that solving each
scalar subproblem usually results in a Pareto optimal solution and the desired Pareto
Front can be obtained when all the scalar optimization subproblems are solved in

sequence. Particularly, the objective function of the n-th subproblem is expressed as

L
max X' X f =Y Au X fi. (3.14)
=1

To solve these subproblems by DRL, we model each of them as a neural net-
work. Then the N scalar subproblems are solved collaboratively according to the
neighborhood-based parameter transfer strategy and the proposed DDQN-based al-
gorithm. From (3.14), two neighboring subproblems may have very close optimal
solutions since their weight vectors are adjacent [126]. In this case, each subproblem
can be solved faster by leveraging the knowledge of its neighboring subproblems. In
specific, the parameters of the neural network model of the (n — 1)-th subproblem is
described as [wyn-1,byn—1], where [w*, b*| denotes the optimal parameters of the neu-
ral network model and [w,b] denotes the parameters that have not been optimized.
Once the (n — 1)-th subproblem has been solved, i.e., its network parameters ob-
tained by the proposed algorithm are close to optimal. The best network parameters
[wan-1, byn—1] obtained for the (n — 1)-th subproblem are set as the starting point of
the network training for the n-th subproblem. Accordingly, the network parameters
are transferred sequentially from the previous subproblem to the next subproblem as
shown in Figure 3.3, which can save a considerable amount of time compared with
training all subproblems.

The DRL framework for solving our proposed optimization problem P1 is sum-
marized in Algorithm 4, which consists of the multi-objective decomposition and the
neighborhood-based parameter transfer strategy. In this algorithm, each subproblem

is modeled as a POMDP and solved by the proposed DDQN algorithm and all the
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Figure 3.3: Illustration of the decomposition and parameter-transfer strategy.

subproblems can be solved sequentially by transferring the network weights. Hence,
we can obtain an approximate Pareto solution by solving each subproblem using Al-
gorithm 4. Finally, the desired Pareto Front is obtained when all the subproblems
are solved sequentially.

The proposed DRL framework has two main advantages: i) The first is its sim-
plicity and modularity for use, i.e., any of the recently proposed novel DRL-based
solvers (including the improved DQN algorithm) can be integrated into the proposed
DRL framework to solve multi-objective optimization problems; ii) Once the trained
model is available, we can obtain the desired Pareto Front directly by a simple forward
propagation of the model.

The DRL framework acts as an outer loop. The next issue is how to model
and solve those decomposed scalar subproblems. In the next subsection, we first
formulate each subproblem as a POMDP and then resort to a value iterative-based

reinforcement learning algorithm, named Q-learning, to solve it.
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3.4.2 Preliminaries of POMDP

In our learning framework, we consider the controller on the BS as an agent to
learn how to perform data admission control, downlink service scheduling, and packet
selection in the system. In addition, since the admission and delivery of each packet
may be affected by the current network environment and the actions of the BS, the
learning task of the BS agent can satisfy the Markov property. Thus, we model each
scalar optimization subproblem as a POMDP, which is described by the following
tuple:

Q={S5,0,A4,P,R,~}, (3.15)

where S denotes the set of states describing the environment; O denotes the observa-
tion space; A denotes the action space; R denotes the reward function that maps the
network state and the joint actions of the agent to rewards; P denotes the state transi-

tion function with P, (a;) being the probability that the current state s; transfers

St,8t41
to the next state s;;1 when action a; is performed; and v € [0, 1] denotes the discount
factor. At time slot ¢, the agent observes a state s; € S and chooses an action a; € A
according to a certain policy 7 : § — A, which receives a reward r; = r(s;, a;) and
produces a new state s;,1 with the transition probability P(s;y1|s:, ar).

The detailed definitions of POMDP for the n-th subproblem with weight A\, =

(An1, An2) are given below.

State and Observation Space

At each time slot ¢, the BS-agent observes the state information of the environment so
as to determine the corresponding policy. The state space at time slot ¢ is denoted by
s, and it contains four elements: the successful transmission probability 1,(¢), queue
length Q,(t), packet sojourn time z,4(t) and delay budget laxity L,(t), which can

be expressed as

5= {1(8), Qu(t), Tuk(t), Lur ()}, Y €U k €Q,(2). (3.16)
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Algorithm 4 DRL Framework for Multi-objective Optimization Problems.

. Input: The model of the subproblem M = [w, b] and weight vectors A!, ... AN
: Process:
: Random initialize [wy1, by1];
:forn=1,...,N do
if n ==1 then
Solve the first subproblem using DDQN algorithm
and obtain the network parameters [w3,,b}:]
else
[ O3n J =[5 nm1,050 1]
Solve the n-th subproblem using DDQN algorithm
and obtain the network parameters [wn.,b%,]
10: end for
11: Output: Pareto Front can be directly computed by [w*, b*]

Thus the state space is expressed as & = {s;|t = 1,--- ,T}. For the state space, the
probability of successful transmission for each user depends on the channel conditions
that can only be observed locally and not known by other association pairs. Therefore,

according to (3.4), the observation space at time slot ¢ can be summarized as

01 ={Cu(t), Qu(t), Tur(t), Lux(t) }, Yueld, k € Q.(t). (3.17)
Accordingly, the observation space of the BS-agent is given by O = {o;|t = 1,--- ,T}.

Action Space

At each slot, the BS-agent determines whether and what types of packets are admit-
ted in each queue. Then the BS chooses which user is served and which packet is
transmitted in the queue corresponding to the associated user. In addition, if the
sojourn time of the packet exceeds its maximum tolerable queuing delay, it will be

dropped. Thus, the action of the BS-agent at time slot ¢ is expressed as

= { Au (), Su), Nusn(t), Dusr(®)}.Vu € U, k € K. (3.18)

Thus the action space is expressed as A = {a;|t =1,--- ,T}.
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Reward Design

In a DRL-based framework, the learning process is driven by the generated reward
and the agent makes its policy decision by interacting with the environment in terms
of maximizing the designed reward. Thus, the reward design is crucial for problems
with multiple objectives, while the performance of the system largely depends on
the reward. It is obvious that network reward is generally related to the objective
function. According to the presented problem P1, our objective is twofold: minimizing
the average queue length and maximizing the average output gain. As a result, the

immediate network reward is defined as

T T
50 a0) = Ao >-6in - Am%;; E[Qu(t +1)]. (3.19)

As shown in Figure 3.4, the learning system establishes the relationship between
the optimal criterion and the optimal policy by introducing a value function consisting
of a state-value function and an action-value function. Specifically, the state-value
function V,(s) is defined by the discounted cumulative reward R; = ZtT:o ~r;y of the
agent in state s, which is used to measure the quality of an available state-action pair.

Given a policy m, we define the state-value function as

Va(s) = Ex[Rilse = s] = Eo[()_ yre)ls: = s, (3.20)

where E,[-] denotes the expectation under the policy m. Based on the Bellman equa-

tion [52], V(s) is converted as follows

Ve(s) = > mlals)(r(s;a) +9 ) P, s (a)Va(s), (3.21)
acA s

where 7(als) is the action distribution under state s and s  is the state at the next

time slot. Similarly, the Q-value function is defined as the expected sum of discounted

rewards obtained by performing action a at state s and following policy 7 in the next
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state, which is given by

Qr(s,a)=r(s,a) + VZPS,S’(G)ZW(Q |s Qs ,a). (3.22)
s’ a'cA

There exists an optimal state-value function when the optimal policy is used among

all of those possible state-value functions. We use V*(s) = max V;(s) to denote the

optimal state-value function. Moreover, the optimal state-value function V*(s) in

state s can be estimated by the Q-value function Q(s,a). Thus we have
V*(s) = max Q(s,a). (3.23)

The agent continuously improves its policy with the accumulation of experience to
search an optimal policy that yields a maximum value of Q(s,a) for all available
states and actions. Overall, the optimal Q-value function is easily obtained when
the optimal policy 7*(s) = max Q= (s,a) that maps the set of states and actions is
satisfied. The Bellman optimality equation is used to express the optimal Q-value

function, which can be mathematically written as
Q*(s,a) = (s,a) +7Y_ P, s(a) max Q* (s, a), (3.24)

In addition, the optimal Q-value function can be estimated by iteratively updating

the following expression at each time slot based on the recursive method.

Qnew(s,a) = (1 — a)Q(s,a) + a(r(s,a) + Y max Q(s,a)), (3.25)

where a € (0, 1) denotes the learning rate.
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Figure 3.4: Hlustration of DDQN framework for resource scheduling in networks.

3.4.3 Optimize with Lyapunov Function

We consider two cases where the traffic is inside or outside of the capacity region, i.e.,
underload or overload. For the first case, the admission rate is equal to the arrival
rate and then the network utility is maximized with an optimal scheduling policy that
transmits as many packets as possible under the network stability constraint [102].
Moreover, all queues in the network can achieve stability simultaneously by maximiz-
ing the weight difference between the output gain and the average queue length, which
is demonstrated in Proposition 1. Inspired by these facts, if the optimal objective
(3.13a) is achieved, both constraints (3.13b) and (3.13c) are satisfied simultaneously.
Thus, the original problem P1 is converted into the following form by introducing a

negative Lyapunov drift term —u1(Q,(t + 1)* — Q,(t)?) into the objective function

T T
1 1

Q1) @i(tm} (3.26a)

s.t vy >0, (3.26b)
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S.(t) € {0,1},Yu e U, Zueu S.(t) =1, (3.26¢)
nuk(t) € {0,1}, ) mus(t) < 1,Vu,t, (3.26d)
keX,(t)

1, if {L‘uk(t) Z Thk,
Doy(t)= Vk e X, (). (3.26¢)

0, if 2us(t) < Thy,

Although the objective function is changed, we can still obtain an optimal solution
that maximizes the average output gain and minimizes the average queue length
while making all queues in the network stable. It is clear that the Lyapunov drift
term is the increment of queue backlog from time slot ¢ to the next time slot ¢ + 1.
As expected, each queue can be pushed to a low congestion state by minimizing it,
which guarantees network stability [125]. Moreover, all queues will not diverge if they
are stable, which indicates that the drift term converges to 0 as t tends to infinity
and the objective function leaves only the average output gain and the average queue

length.

Proposition 1 There exists an optimal policy for problem P2 that makes all queues
in the network stable under the inner capacity region while maximizing the average

output gain and minimizing the average queue length?.

Proposition 1 indicates that the optimal solution of problem P1 is the same as
that of problem P2.

Next, we consider a more general case where the traffic is outside of the capacity
region. Since all users in our model share limited resources, it is essential to solve
the network utility maximization problem in order to fairly allocate network resources
while stabilizing the network. For this overload case, the admission rate will no longer

be equal to the arrival rate. According to the Lagrangian method [8], the original

3See the Appendix for proof.
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(3.27a)

(3.27h)
(3.27¢)
(3.27d)

(3.27¢)

(3.27f)

According to the two transformed problems P2 and P3, the reward function (3.19)

1s rewritten as

(1, a1) = Mg = ZG )+ A1 = ZZ]E —Qu(t+1) = (Q(t+1) — Q2(t))] (3.28)

t 0 ueld

for the arrival rate inside the capacity region and

T U
T(St,(lt n2 ZG )\nl%ZZE[Qu(t+ 1)] +VQZFU(A

t=0 ueld

for the arrival rate lying outside the capacity region.

3.5 Algorithm Design

(3.29)

Although Q-learning has emerged as a prospective learning algorithm based on value,

it relies heavily on a set of records in the sample when searching the optimal policy.
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Therefore, it is susceptible to the training variance and even the convergence of the Q-
value function. The work [10] showed that Q-learning algorithms are very flexible for
low-dimensional reinforcement learning problems. However, in our considered time-
varying model, the complex and large state-action space can easily trap the table of
Q-value functions in the curse of dimensionality, which will waste a lot of time and
resources and even exceed the memory size for maintaining this table.

In order to address the above problems, many scholars have focused on the deep
Q-network (DQN) algorithm based on the combination of neural networks and Q-
learning, which mainly takes the state and action as the input of the neural network
to approximate the Q-value function instead of maintaining the Q-table [58]. To be
specific, the Q neural network receives an input state s and outputs the estimated
Q-value functions for all optional actions, i.e., Q(s,a;0) ~ Q(s,a), a € A, where
0 represents the vector of the weights of a Q neural network. In this algorithm,
the agent aims to continuously learn an optimal policy for optimizing the Q-value

function by minimizing the loss function Loss(@), which is expressed as

Loss(0) = E[(y(t) — Q(s, a;0))7, (3.30)
where y(t) denotes the target Q-value and can be mathematically written as

y(t) =r(s,a) + ymax Q(s,d’;0). (3.31)

According to (3.30), the Q neural network is trained by iteratively updating its weights
0 to optimize the approximation of the Q-value function. The parameter update

equation of the Q neural network can be written as

0 = 0 + aE[(y(t) — Q(s,a;0))VQ(s, a; 6)]. (3.32)

It is worth noting that the DQN-based framework has an experience replay pool and is
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usually used to store the experiences collected by the agent denoted by (sy, as, ¢, Se11),
from which a group of experiences can be randomly selected and used to train the
neural network. Moreover, this framework employs a dual network approach to fur-
ther improve the learning stability and algorithm efficiency, which means that there is
also a target network with weights @' in the training process. Accordingly, the target

Q-value y(t) in (3.31) can be described in a new way as follows
y(t) =r(s,a) + ymaxQ(s',a’;6'). (3.33)

It is easy to see from the Q-value function that DQN uses a single max mathe-
matical estimator to select and evaluate an action. However, this manner tends to
make agents sometimes confused about the selection and evaluation of actions, which
leads to estimated Q-values that may be higher than the true values. Note that these
overestimation problems are caused by the positive bias of the max operator used in

DQN to update its Q-value function.

3.5.1 DDQN-based Solution

To address this overestimation problem, we explore a double deep Q network (DDQN)-
based method, which decouples the action selection and Q-value calculation into two
separated max function estimators to avoid overestimation [56]. Evidently, the maxi-
mum Q-value function is computed by the state of the next time slot and all possible
actions in the current neural network, DDQN first finds the optimal action under
that Q-value function and then uses this action to predict the target Q-value from
the target network. Due to the mutual constraints between the dual estimators, they
can eliminate the maximum deviation.

Similar to DQN, DDQN also has two neural networks namely online network
Q(s,a;0) and target network (Q(s,a;8'). The weight vector of the target network 6’

is copied from the online network in several previous iterations. Inspired by this, the
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target Q-value for DDQN is replaced as follows
y(t) = r(s,a) +7Q(s , argmax Q(s , a’; 0); ). (3.34)

Note that the selection and evaluation of an action follows an arg max operator,
which is defined by a set of weights 8. This means that we estimate the value of
the greedy policy based on the current QQ-value defined by 6. Then another set of
weights 6’ is used to evaluate the value of this policy. The agent selects an action
based on the e-greedy policy to balance its exploitation and exploration, where ¢ is a
diminishing value for exploration. Particularly, the agent selects an action that can
maximize the Q-value with probability (1 —e¢), while randomly choosing other actions

with probability e, which can be described as

random action, probability €,
a(t) = o (3.35)
argmax@(s ,a ;0), probability 1 —e.

a

The loss function defined in (3.30) is written as
Loss(8) = E[(r(s,a) +1Q(s, argmax (s, a';0):0) — Q(s, ;). (3.36)

In order to reduce the loss value, the gradient descent method is used to update the

weights of the target network. The update of 8 can be expressed as

0 = 0 + aE[(r(s,a) + vQ(s , arg max Q(s,a;0);0) —Q(s,a;0))VQ(s,a;0)]. (3.37)

3.5.2 Implementation of DDQN-based Algorithm

According to the above analysis, we summarize the detailed procedure of our pro-
posed DDQN-based algorithm for solving problems P2 and P3 as Algorithm 5. An

illustration of the training process is shown in Figure 3.5. Before training, we ini-
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Figure 3.5: Training process of DDQN-based algorithm for solving P1 and P2.

tialize the experience replay memory and the weights of the online network and the
target network. In particular, the weight of the target network is initialized to be the
same as that of the online network, i.e., 8 = 0. As shown in Figure 3.5, we develop
two neural networks to illustrate the correlation between each state-action pair (s, a)
and its value function Q(s, a). Hence, it is crucial to preprocess the admission control
and output selection and user association of the downlink network for a sufficiently

long time with a random policy.



68

Algorithm 5 DDQN-based Training Algorithm

1:

Input: Action set A; number of episodes E; learning rate a; network update
period F'; discount factor v; minibatch size B; random selection probability e.

2: Output: Scheduling policy 7* and maximum reward R

@

© x

10:
11:

12:
13:
14:
15:
16:

17:

18:
19:
20:
21:
22:
23:

24:
25:
26:
27:

28:
29:

30:
31:

Initialize: Relay memory M with the capacity of C'; online Q-network Q(s, a; @)
with weight 6; target Q-network Q(s,a;0’) with 8" = 6
for each episode do
Initialize the environment and obtain an initial state s;
for each iteration of an episode do
Observe o; and take an action a; from A with a random probability A based
on the e-greedy policy
if h < ¢ then
Randomly choose an action ay;

else
Choose an action a; = arg maxQ(s;, a’; 0);
a'eA
end if

Execute action a; and receive a reward r(s, a)
Get the next state s;,1 for the current action and state
Update the input to Q1 based on the observed state
Store the current experience tuple {s;, a;, 04, 74, St11, 0411} in the experience
relay memory
Randomly choose a minibatch of experiences {s;, a;, o, 74, Si11, 0041} from
the experience relay memory
Calculate the target Q-value by the learning step with optimizer
if an episode terminates at iteration ¢ + 1 then
y(t) = (s, a);
else
y(t) = r(s,a) +1Q(s",a’;6); 8);
a = argmaxQ(s;, a’; 0);

a'eA

end if
Update the weight of the online network by minimizing the loss function as
Loss(0) = E[(y(t) — Q(s,a; 0))?]
Perform a gradient descent step on Loss(0) relative to the weight of the online
network 6
Update the weight of the target network based on the weight of the online
network 6
Rest the target network @ <+ Q after F iterations

end for

end for
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On this basis, the estimation of (s, a) can be obtained by means of some state
transition information, which is then stored in the experience replay memory. More-
over, we train the neural network with the input state-action pair (s,a) and the
outcome (s, a). After that, the action selection and Q-value can be achieved. More
specifically, in each decision episode, the network environment is initialized and the
agent observes the initial state space {Cy(t), Qu(t), Ty x(t), Luk(t)} from the environ-
ment simulator. Then, we adopt the e-greedy policy with the greedy factor € € [0, 1]
to select the execution action a. For a random probability & < ¢, the online network
randomly selects an action from the action space A. Otherwise, the action with the
largest Q-value function derived from the online network with the input of the state-
action pair (s, a) is selected. After selecting an action a, the environment simulator
provides the corresponding reward r(s,a) to the agent and the state is transferred
from s; to the next state s;.1.

To improve training stability, we use the experience replay memory to store the
experience tuple {s;, 04, az, 14, S¢41, 0411} and randomly select a minibatch of B expe-
riences to train the weights of the online network and the target network at each
iteration. During the learning process, the online network and the target network up-
date their model weights Q(s',a’;0) and Q(s',a’; 8"), respectively. Given the current

reward 7(s,a) and the discount factor 7, the target network yields a target value

r(s,a),

y(t) = , o ,
r(s,a) +vQ(s ,argmax@Q(s ,a;0);0);0"),

a

which is then compared with the estimated value of the online network to obtain the
loss value Loss(@). Moreover, the weight of the online network is updated by using
a gradient descent step of [0Loss(0)/00]. The weight of the target network does
not need to be updated iteratively and it can copy @ from the online network after
a certain number of iterations. Note that the value of the loss function gradually

decreases by constantly updating the weight of the online network. When the loss
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value reaches the global minimum, our proposed algorithm outputs the corresponding
optimal policy. Figure 3.5 describes the detailed procedure of the proposed DDQN-
based algorithm

3.6 SIMULATION RESULTS

In this section, we present simulation results to demonstrate the effectiveness of our
proposed DDQN-based algorithm. We first introduce our simulation setup and net-
work architecture. We then compare the proposed algorithm with several other algo-

rithms and analyze the simulation results under different scheduling policies.

3.6.1 Simulation Setup

We consider a single-hop downlink system in which U = 4 ground users are associated
with a single BS. In this system, the packet scheduling matrix is selected every time
slot within the queue corresponding to each user u € U, so that at most one packet is
served per input and per output at each time slot*. The arrival process for each queue
follows a Bernoulli distribution, which is independently and identically distributed
over time slots with the arrival rate r,;. A total of K = 2000 packets consisting of
various delay requirements, i.e., H = 400, M = 600 and L = 1000, arrives at the BS
over a period of time. The maximum tolerable queuing delays of the three classes of
packets are set as Thy = 10, Thy; = 20 and Thy, = 30, respectively, with the unit of
time slots. In addition, the output gain weights of the three classes of packets are set
as wy =0.5, wyy =0.3 and wy, =0.2, respectively. The discount factor of the potential
output gain is set as p = 0.3.

We conduct the experimental simulations using a server with an NVIDIA GTX
2080 Ti GPU. The software platform of the experiment is Python 3.6 with PyTorch
[108]. Our developed DDQN-based algorithm consists of the online-network and

4The proposed solution can be easily extended to the system to schedule packets for multiple
orthogonal channels
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Figure 3.6: Pareto-Front achieved by the proposed DRL-based framework.

target-network, each of which has one input layer, two hidden layers and one output
layer. Moreover, each hidden layer is assumed to have the same number of neurons
and is defined as e = 64. We use the rectified linear unit (ReLU) function freru(z) =
max {0,1} to describe the activation function in each hidden layer. The Adam
optimizer is used to update the weights of the online network and the target network.
Besides, the target network is updated by the online network every 100 training
iterations. The learning rates of both neural networks are set as a« = 0.0001 to ensure
that the training process does not miss all possible local solutions. The discount
factor is set as v = 0.999. During the training process, the e-greedy policy is used
where the value of ¢ is set as 0.9 at the beginning and then gradually decreases to 0.1.
The training process of our proposed DDQN-based algorithm has E = 2000 episodes.

The capacity of the experience replay memory is set as C' = 2000 and the size of each

minibatch sampled from this experience replay memory is set as B = 64.

3.6.2 Result Analysis

Based on the proposed DRL framework, the multi-objective problem of scheduling
and association can be solved by using the neighborhood-based parameter transfer

strategy. In Figure 3.6, we illustrate the Pareto front obtained by the proposed DRL-
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based method and the NSGA-IIT method [38]. It can be seen from Figure 3.6 that
the performance of the DRL-based method is close to that of the NSGA-III method
when the weight values A\; and Ay are close each other (e.g., Ay = 0.4 and Ay =0.6).
When the difference between A\; and A, is significant (e.g., A; = 0.01 and Ay = 0.99),
the DRL-based method tends to spare most of its effort in training only one of the
objective functions. The obtained policy will then perform relatively poor on the
other objective function. Whereas the DRL-based method shows its advantage over
the NSGA-IIT method in terms of computing time since it only needs a very simple
forward progression after the training process is completed. This advantage becomes
more prominent when the complexity of the multi-objective problem increases, e.g.,
the objective contains multiple integer decision variables.

To demonstrate the convergence of the proposed algorithm and the other two al-
gorithms, Figure 3.7 plots the learning curves of these three algorithms in the case
where the arrival rate is outside of the capacity region. With the increase of the
number of iterations, the cumulative rewards obtained by the three algorithms have
an obvious tendency to increase and converge. It is clear that the proposed DDQN-
based algorithm always outperforms the other two algorithms in terms of cumulative

reward. The reason is that the proposed algorithm can prevent the overestimation
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Figure 3.8: Two cases of delay versus traffic intensity.

of the action-value function by decoupling the Q-target. Besides, the convergence
speed of the proposed DDQN-based algorithm and the DQN-based algorithm is sub-
stantially higher than that of the Q-learning algorithm. This is because both the
proposed DDQN-based algorithm and the DQN-based algorithm use the neural net-
work (s, a; @) to approximate the target Q-value QQ*(s, a), which can greatly reduce

the time of searching the maximum value.

Delay performance

Figure 3.8 (a) shows the delay performance of different algorithms versus traffic in-
tensity o® when the arrival rate is within the capacity region. The solid and dash lines
indicate the average delay calculated based on the observed delay (real delay) and the
maximum tolerable delay per packet (upper bound), respectively. The average delay
achieved by our proposed algorithm and the other two algorithms increases with the
increase of traffic intensity p and eventually diverges when ¢ > 1, i.e., outside the
capacity region. In addition, we observe that our proposed DDQN-based algorithm
achieves 9% and 20% delay reduction compared with the DQN-based algorithm and

the Q-learning algorithm, respectively.

5The traffic intensity o is defined as the ratio of the arrival rate to the capacity region boundary
[14] to measure the average resource occupancy.
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Figure 3.9: Delay versus traffic intensity for different design schemes.

Figure 3.8 (b) shows the delay performance versus traffic intensity o for the gen-
eral case. As can be seen from Figure 3.8 (b), for the three algorithms, the average
delay increases with ¢ and eventually becomes saturated when p is sufficiently large.
In addition, our proposed DDQN-based algorithm shows up to 6% and 13% delay
reduction compared to the DQN-based algorithm and the Q-learning algorithm, re-
spectively. From Figure 3.8, we observe that our proposed DDQN-based algorithm
outperforms the other two algorithms in terms of average delay, which demonstrates
the effectiveness of our proposed algorithm. It is obvious that the real average delay
gradually approaches the upper bound as ¢ becomes large in both cases. The reason
is that as p grows, the queue length of each user increases leading to longer queue
delay, and thus packets reach their maximum tolerable queuing time. On the other
hand, it shows that our proposed model guarantees per-packet delay.

In order to demonstrate the superiority of the proposed joint-scheduling model, we
consider the following three schemes: (i) scheme 1 jointly optimizes user association
and packet selection but without admission control [14]; (ii) scheme 2 jointly optimizes
admission control and user association but with FIFO queue management [95]; and
(iii) scheme 3 adopts random packet admission and user association as well as FIFO

queue management. Note that all schemes are solved by the proposed DDQN-based
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Figure 3.10: Drop rate versus traffic intensity for the overload case.

algorithm.

Figure 3.9 depicts the average delay achieved by the various schemes versus traffic
intensity 0. Despite the average delay of all four schemes increases as the traffic
intensity o increases, the proposed joint scheduling scheme always achieves the lowest
delay. In addition, we note that only our proposed scheme and scheme 1 show the
trend of convergence when o exceeds the capacity region, while the others diverge.
The reason is that the packet-selection process becomes more crucial for better control
of packets with different delay requirements when p is large. The comparisons between
the proposed joint scheduling scheme and scheme 1, and scheme 2 and scheme 3 also
show the importance of admission control. In addition, we conclude that the packet-
selection process plays an essential role in reducing average delay by comparing our
proposed scheme and scheme 2. Overall, our scheme achieves a delay reduction up to

30%.

Delay outage drop performance

Since the proposed model guarantees per-packet delay by dropping delay outage pack-
ets, minimizing the drop rate is one of the key metrics in evaluating the performance.

Figure 3.10 plots the delay outage drop rate achieved by the three algorithms versus
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traffic intensity p in the case where the arrival rate is outside of the capacity region.
It is obvious that the drop rate increases for the three algorithms as o becomes large.
The reason is that high traffic intensity leads to longer queue lengths where packets
with high delay requirements are more likely to be dropped. On the other hand,
the proposed DDQN-based algorithm achieves a much slower increase in terms of
drop rate, i.e., a better scheduling policy is achieved. In spite of the increase, all
algorithms show the trend of convergence when p > 1 thanks to the adoption of
the packet-selection process which avoids unnecessary delay outage drops within each
queue.

Next, we compare the drop rate performance of our proposed scheduling model
with the three benchmark schemes as shown in Figure 3.11. The proposed joint
scheduling achieves a significantly lower drop rate up to 60% than the other three
schemes. In addition, we observe that the growth trend for our proposed scheme
and scheme 1 in Figure 3.11 is similar to that in Figure 3.9. This is because the
packet-selection process allows as many packets as possible to be transmitted before
reaching their maximum tolerable queuing time. The increasing gap between the
proposed joint design scheme and schemes 2 and 3 also indicates the significance of

the packet-selection process in our design.
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Figure 3.12: Goodput performance under different traffic intensity.

Throughput performance

As the results presented in the previous theoretical analysis, our proposed algorithm
can achieve utility maximization while guaranteeing per-packet delay. Here, we con-
sider goodput, i.e., the number of successfully received packets over the total measured
time period.

In Figure 3.12 (a), the goodput achieved by the four schemes versus traffic intensity
p is plotted. As expected, the goodput increases for the four schemes as p becomes
large and eventually tends to 1 when p is sufficiently large. For different values of
p, our proposed scheme always achieves the highest goodput, while scheme 3 has the
lowest goodput. In addition, we observe that the curve of scheme 1 is closer to the
curve of our proposed scheme than that of scheme 2. These results further indicate
that packet transfer control is more effective than admission control in improving
goodput.

In order to demonstrate the fairness of the proposed solution among users, Fig-
ure 3.12 (b) plots the goodput per queue versus traffic intensity o for the outside
capacity region case. It can be seen that the goodput of all the queues increases as p
becomes large. For different values of o, the total goodput of the four queues is equal

to the goodput corresponding to the blue curve in Figure 3.12 (a). It can also be seen
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that the values of the four queues are very close to each other, which confirms that

our formulated model can achieve fairness among users.

3.7 Conclusions

In this chapter, we investigated the resource scheduling problem for time-critical ap-
plications with different delay requirements in a single-hop downlink network. To
address the problem, a delay-aware selective scheduling scheme based on delay lax-
ity was proposed, in which we particularly considered the drop of packet due to
excessive delay. In this context, we formulate an MOOP that minimizes the aver-
age queue length while maximizing the average output gain under the constraints
of guaranteeing per-packet delay and achieving fairness among users. To cope with
the uncertainties in wireless networks, e.g., packet arrival rate and channel condition,
we transformed the problem into an MDP and proposed a DDQN-based algorithm
to solve it. Simulation results clearly show the superiority of the proposed schedul-
ing scheme and algorithm in reducing delay while improving throughput over other
solutions.

While the selective scheduling design proposed in this chapter opens a new per-
spective of optimizing network utility, many other issues in practice, e.g., wireless link
dynamics and user mobility are not considered in the current work. In future work,
more effort can be addressed on incorporating environmental dynamics to improve

the scalability of our solution.
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Chapter 4

QoS-guaranteed Routing Protocol
for Intelligent Transportation

System: A Hybrid Approach

In Chapter 2 and Chapter 3, we focus on static networks where mobility is ignored.
However, the emerging new applications are designed under the context of mobile net-
works. The network mobility further introduces greater challenges to guaranteed QoS.
Furthermore, some applications require information exchange among multiple end-
users, for example, enhanced vehicle-to-everything (V2X) communications. Unlike
conventional V2X applications such as safety message dissemination which is used
for low-level automation with low bandwidth and quality-of-service (QoS) require-
ments, the emerging new V2X applications are expected to bring advanced driving
experience by leveraging various environmental information for real-time autonomous
control, which require diverse and stringent QoS support under high mobility [1,39].

Therefore, in this chapter, we investigate the scheduling and routing problem in
vehicular networks. Particularly, we focus on the extended sensor sharing (ESS) ap-
plication which requires frequent information dissemination in a coverage with guar-

anteed quality-of-service (QoS) [105]. The frequently used symbols in this chapter is
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summarized in Table 4.1.

Table 4.1: Notations and definitions

Symbol Definitions

U, Member vehicle ¢

lu;y Vu, Location and speed of u;

U Sets of member vehicles

M Sets of mobility information

dy, Inter-vehicle distance of u;

Q Sets of QoS requirements

B,, B, Bandwidth allocated for V2I and V2V links

P, P, Transmission power for V2I link and V2V links

R,, R, Theoretical link capacity for V2I link and V2V links
Amin, dmax | Derived transmission distance lower and upper bounds
C Sets of clusters

CH Sets of cluster heads

G Trellis graph representation of cluster k

Py, Routing path for cluster k&

GPCA Global protocol control agent

LPCA Local protocol control agent

4.1 Introduction

ESS is difficult to support due to the following reasons. First, ESS requires a
wide range of QoS support for transmitting various types of data, e.g., it requires
3 ~ 100 ms end-to-end (E2E) latency, 10 ~ 1000 Mbps data rate, 90 ~ 99.99 %
reliability, and 10 ~ 100 meters coverage [114]. Second, high mobility causes fre-
quent changes in network topology and channel variations, which further introduces
higher topology control overhead, longer E2E delay, and higher link failure proba-
bility [15,61]. Third, sharing the same data among multiple end-users requires high

resource efficiency. Due to the shared nature of the wireless medium, high interference
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impedes network performance [28,138]. Last but not least, as shared information is
required by multiple end users within a certain range, using unicast (one-to-one) ser-
vice mode is uneconomical while broadcast (one-to-all) mode causes high information
redundancy in the network [6].

Vehicles and roadside infrastructure involved in the ESS system naturally form
a network. An efficient routing algorithm is desired to enable data sharing with
guaranteed QoS for multiple end-users subscribed to the same ESS session. While
there are few works proposed specifically for ESS applications, in the past decades,
many routing solutions have been proposed for general V2X applications [13, 122].
A delay-aware grid-based geographic routing (DGGR) protocol was proposed in [29]
to address the local maxima and data congestion issues in a distributed manner.
The target region was first divided into grid zones, based on which, a road weight
evaluation (RWE) algorithm was developed to determine the routing path among
the grid zones. More recently, the software-defined vehicular network (SDVN) has
been introduced, which integrates the concept of software-defined network (SDN)
into vehicular networks for higher flexibility and programmability [62,134]. Several
routing algorithms were developed based on the SDVN architecture. [109] proposed a
centralized cluster-based routing algorithm to trade-off between bandwidth cost and
E2E delay. In [109], both vehicle-to-vehicle (V2V) and vehicle-to-infrastructure (V2I)
communications were considered to find the optimal routing strategy.

However, these solutions are insufficient to support ESS. First, a fully centralized
control solution requires frequent topology updates to maintain performance leading
to high control overhead. Second, centralized routing protocols cannot quickly re-
spond to short-term network changes due to mobility. Third, it is very difficult if
not possible for distributed routing solutions to guarantee QoS requirements due to
a lack of global coordination.

To bridge the gap, we present a QoS-guaranteed clustering and routing proto-
col (QCRP) following the SET protocol architecture we proposed in our previous
work [21]. A protocol control agent (PCA) is designed to leverage global and local
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network information to make control decisions'. It uses the global network informa-
tion to find the optimal routing path to satisfy the E2E QoS requirements and the
local network information to fine-tune control decisions to adapt to network dynam-
ics. Moreover, topology control and re-routing are adopted to reduce control overhead
and maintain network performance over time.

Specifically, we first compute the inter-vehicle reference distances based on the
QoS requirements, which yield the upper and lower bounds for clustering and path
calculation. Next, the network is clustered by the reference distance to ensure network
connectivity. To mitigate the impact of network disconnection caused by network
mobility, a proactive clustering algorithm based on the Long-Short-Term-Memory
(LSTM) is adopted in QCRP. GPCA i.e., the PCA with global network information,
predicts the number of time slots before the network disconnection occurs, i.e., the
inter-vehicle distance exceeds the reference distance upper bound, using historical
vehicle mobility traces. GPCA proactively determines the global topology update
period based on the prediction results. For route planning, we consider a hybrid usage
of V2V and V2I links for intra and inter-cluster communications. A QoS-guaranteed
routing algorithm (QGR) is developed to find the optimal routing path within each
cluster. Since topology variations may lead to network performance degradation, a
distributed re-routing algorithm is developed. Within the global topology update
period, the LPCA deployed at each relay vehicle along the original routing path re-
selects the next hop based on the residual link lifetime estimated using local network
observations. In this case, the routing paths are updated timely without the need for
global topology updates and path calculations to maintain the required QoS.

The rest of the chapter is organized as follows. We introduce the related work in
Section 4.2. In Section 4.3, we explain the proposed network architecture and system
model. Next, we formulate our problems in Section 4.4 and propose the correspond-
ing solutions in Section 4.5. In Section 4.6, we evaluate our work with extensive

simulations followed by conclusions and further research issues in Section 4.7.

IThus, two types of PCA, global PCA (GPCA) and local PCA (LPCA) are defined in QCRP.
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4.2 Related Work

4.2.1 Distributed Solutions

The routing protocols that compute routing paths in a distributed fashion without
the need for a global controller are referred to as distributed solutions. Distributed
solutions have the benefits of low overhead and high adaptiveness to topology changes
but suffer from frequent link outage issues in highly mobile environments [46]. To
address this issue, many solutions have been proposed in the literature. They can
be divided into several sub-categories by their methods. Location-based methods
adopt geographic locations for route selection. Most location-based methods are
developed based on the Greedy Perimeter Stateless Routing (GPSR) protocol [67,
122], for example, an enhanced GPSR protocol was proposed in [17] to reduce link
outage and improve throughput by stabilizing the routing path. A connectivity-aware
routing (CAR) protocol [92] was proposed to address the high delay issue caused by
the carry-and-forward mechanism, where the route with less network disconnection
probability was selected for packet transmission. Broadcast-based solutions improve
network performance by suppressing the broadcast messages in data dissemination.
In [128], a distributed vehicular broadcast (DV-CAST) protocol relying only on the
local topology was proposed to address the broadcast storm and low connectivity
issues with a small overhead. Later, in [68], a velocity and position-based broadcast
suppression protocol (VP-CAST) was proposed for VANETSs. The infrastructure-
based methods utilize roadside infrastructures to improve network connectivity while

satisfying QoS requirements [104].

4.2.2 Centralized Solutions

Centralized solutions require the knowledge of global network topology before route
calculation. Conventional routing protocols such as Optimized Link State Routing

Protocol (OLSR) and its variants are initially designed for mobile ad hoc networks
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and later extended to vehicular networks [32,42,129]. However, they suffer from high
control overhead for topology updates and long convergence delay [119]. Later, SDN
attracted great attention which decouples the control plane and data plane. A new
paradigm named SDVN leveraging SDN in vehicular networks has been explored in
literature [18,135] where the SDN controller is deployed at the edge cloud or road-side
units (RSUs) for centralized route calculation and faster response to topology changes.
More recently, with the development of edge computing and learning algorithms,
researchers propose to adopt learning algorithms at mobile edge [87,141,142]. In [124],
an artificial neural network-based vehicle mobility prediction model was developed
to assist route calculation at the SDN controller. [76] proposed a greedy routing
algorithm based on Graph Convolutional Network using the SDVN architecture to
improve packet delivery ratio and delay.

While these works have shown promising performance in certain use cases, they are
insufficient for ESS. The distributed solutions employ a best-effort strategy for path
discovery and fail to guarantee any QoS requirements due to a lack of global network
knowledge. The centralized solutions require global knowledge for path calculation
consuming high control overhead and time to synchronize and update frequently to
maintain the network performance. The cost can grow exponentially with the increase
of ESS subscribers and network size which are uneconomical in practice. Therefore,

a scalable, adaptive, and low cost routing protocol is desired to bridge the gap.

4.3 System Model

4.3.1 Network Architecture

We develop QCRP following the SET protocol architecture [21], where the control
decisions are generated using cross-layer information. Each network entity deploys a
PCA to configure protocols based on the observed network information and applica-

tion requirements as shown in Fig. 4.1 (a). For each packet/flow with specific QoS
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Figure 4.1: An overview of network architecture.

requirements (e.g., delay, data rate, and reliability), PCA determines a control deci-
sion based on the current network conditions. In addition, PCA periodically evaluates
and updates its control strategy to maintain QoS performance and reports errors to

the application if the network cannot support the requirements.
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We show the proposed network architecture in Fig. 4.1 (b) where two types of
PCAs are defined, namely, GPCA and LPCA, to collect and respond to global and
local network information, respectively. While the global network knowledge is es-
sential for computing the optimal routing paths, it causes high overhead and delay to
update, especially in vehicular networks, due to high network dynamics. On the other
hand, local network knowledge reflects the network conditions in real time and is less
costly to update in the neighbourhood. GPCA is deployed at the central controller
to determine the optimal routing path for guaranteeing the E2E service requirements
using the global network knowledge. LPCA is deployed in each network entity along
the routing path which is responsible for adjusting GPCA’s control decisions using

real-time local network observations.

4.3.2 Assumptions and Network Settings

In our scenario, we refer to all vehicles that subscribed to one ESS session as member
vehicles and those selected to relay data packets as relay vehicles. The source vehicle
is also considered a relay vehicle. We assume each vehicle has a unique identification
number and periodically uploads its mobility information (e.g., locations, speed, link
conditions, etc) to the base station (BS) via the physical uplink control channel
(PUCCH) to construct a global network topology. GPCA is deployed at the BS side.
We define five stages in a complete E2E data transmission process in the proposed
network architecture, namely, service request, global control, control decision release,
local control, and control adjustment as shown in the right figure of Fig. 4.1.

In the first stage, the ESS application initializes the service by sending its QoS
requirements? to the BS. Next, given the global network topology and ESS service
requirements, GPCA computes the optimal control decisions, i.e., global network
topology update period and routing path, in the second stage and broadcasts it
to the network using the physical downlink control channel (PDCCH) in the third

stage. While the source vehicle starts data transmission after the third stage, the

2For example, E2E delay, data rate, reliability, coverage, etc.
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LPCA deployed at each relay vehicle performs local control to maintain the network
performance by collecting the mobility and link information of its neighbours and
adjusting the routing paths when link breakage occurs as indicated by stage four and
five. Similar to [109,124], we assume all vehicles are equipped with transceivers for
V2V and V2I communications using the physical sidelink shared channel (PSSCH)
and physical uplink shared channel (PUSCH) and physical downlink shared channel
(PDSCH) for data transmission, respectively. Member vehicles periodically broad-
cast their mobility information to their one-hop relay vehicles via beacon messages
using the physical sidelink control channel (PSCCH). This setting addresses frequent
topology variations via V2V communications and ensures coverage via V2I commu-

nications.

4.3.3 Network Model

We consider a highway scenario as depicted in the right side of Fig. 4.1, where vehicles
traverse a high-speed highway and fall within the coverage range of a solitary BS. Our
analysis specifically focuses on a single source case, wherein only one vehicle shares
data with other vehicles within the network.

Denote U as the complete set of member vehicles (we use vehicles for short in the
rest of the chapter). In total, there are U vehicles. Each vehicle uploads its mobility
information denoted by M,, = {lu;, vy}, u; € U to the BS, where l,, = (u,,Yu,;) is
the location of vehicle u; and v,, is its speed. Thus, the global network knowledge can
be represented as M = {M,,, M,,, -+, M,,}. On receiving M, GPCA computes

the inter-vehicle distance:

Quy =\ (B, = 20,2+ (G, — W, ) w05 €U, (4.)

In addition, we denote the QoS requirements by a tuple @ = {61, Orate, Odel, Ocov }
where 6, is the E2E reliability requirement, 6., is the data rate requirement, 044 is

the E2E delay requirement, and 6., is the coverage requirement. Q is known by all
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vehicles and the same for each member vehicle subscribing for the same ESS session.

4.3.4 Channel Model

The uplink and downlink average data rate of the V2I link can be estimated by
Pw -« 2
Ry,=mn- B, -log, [ 1+ Fédw |h|7 ), w e {up,dw}, (4.2)
0

where n € (0,1] is a constant coefficient determined by the transceiver hardware
efficiency, B,, is the V2I link bandwidth, P, is the transmission power, d,, is the up-
link /downlink transmission distance, ¢ is the shadowing component, h is the Rayleigh-
distributed fading coefficient with E(|h|?) = 1, Ny is the power of additive white
Gaussian noise (AWGN), and « is the path loss component. Similarly, the average

data rate of a V2V link can be estimated:
PU — 2
R,=n-B,-logy | 1+ —dd, *h|" |, (4.3)
No

where B,, P,, and d, are the V2V communication bandwidth, transmission power,
and inter-vehicle distance, respectively. Given the data rate requirement 6..., the
transmission distance constraint on data rate for V2V communication can be derived

as follows?

(4.4)

i.e., the transmission distance d, can be d., at maximum to satisfy the data rate

requirement.

3Note that in practical systems, the above channel models may not be accurate due to random-
ness. In our design, the channel model is used by the GPCA to estimate link data rates and perform
route planning.



89

4.3.5 Delay Model

There are mainly five delay components at each hop, namely, transmission delay T,
medium access delay (or contention delay) 7., queuing delay 7, propagation delay,
and processing delay, where the propagation and processing delay are negligible (at
the level of a few microseconds). In this case, the E2E time cost of a path P can be

calculated as

tep =Y te;=Y T+ Ti+1T), (4.5)
i€P 1€P

where tc; refers to the time cost at each hop i along the path. Since we consider
time-sensitive packet transmission, we assume the sum of medium access delay and
queuing delay can be upper bounded by a constant value 7. The transmission delay
can be computed by Ty = L/R!, where L is the packet size and R! is the data rate
of the i-th hop*. Thus, the E2E time cost of a path P can be rewritten as

L
P Y

Furthermore, given the E2E delay, coverage, and data rate requirements, the

transmission distance constraint in terms of time cost is given by

L max * era e
dao = Dist x =17 te, (4.7)

Hdel : erate

where Dist is the distance from the source to the furthest member vehicle and 7y.x
is the maximum delay constant introduced by queuing delay and contention delay.
In other words, the transmission distance d,, is lower bounded by dge to satisfy the

delay requirement.

4The delay model can be extended by considering variable per-hop delay as shown in [140].
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4.3.6 Connectivity Model

Since wireless links are highly dynamic, analyzing the connectivity of each link is
fundamental to achieving the QoS requirements. We use the packet delivery ratio

(PDR) of a link to characterize the per-hop transmission reliability
P.=(1—m)", (4.8)

where pj is the bit error rate (BER)®. Similarly, the E2E reliability P, can be derived

as follows,

Ps = HP; = H((l _pb>L>i > erel- (49)

i€P ieP
Since p, is determined by the modulation scheme and signal-to-noise ratio (SNR), it
can be represented by a function of distance, i.e., p, = f(d)%. Thus, the transmission

distance constraint on reliability can be derived as follows
(1= f(d)* > brar. (4.10)

dye denotes the solution to (4.10) when the equality sign holds.

In summary, we define dge as the minimum reference distance d;, and dy., =
Min(drate, drer) @s the maximum reference distance to facilitate topology control which
characterizes the lower and upper bound of a transmission range. In this context,
GPCA and LPCA determine whether the current routing plan can support the QoS
requirements by comparing the distance between two relay candidates with d,;, and
dmax- An error message will be sent to the ESS application for adjusting QoS require-
ment when d;, > dnay, i.€., more E2E delay time budget should be given to ensure a
guaranteed performance. If there exists a non-empty relay candidate set that satisfies

the transmission range, a routing path is calculated by selecting relay vehicles from

°BER can be improved using physical-layer error correction code (ECC) such as forward error
correction (FEC) [136], etc.

6We use the BPSK modulation scheme as an example to derive this function as shown in the
Appendix.
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the candidate set.

4.4 Problem Formulation

4.4.1 Network Clustering

Since not all vehicles in the network U can be reached using V2V links due to the
transmission distance constraints imposed by the QoS requirements, GPCA divides
the network into clusters where all vehicles within the same cluster are connected”. In
this context, we propose a two-step clustering algorithm as summarized in Algorithm 6
to guarantee the connectivity of the vehicular network.

In the first step (line:3-9), GPCA computes the inter-vehicle distance d,, () for
each u; € U at time t and estimates the future inter-vehicle distance after t; time
slots, i.e., dy [t] = dy [t + to] Vu; € U. Next, GPCA divides the network into sub-
networks if max{d,, [t], d,,[t]} > dmax. This step guarantees the connectivity of each
sub-network, where all vehicles within the same sub-network can be reached while
satisfying the per-hop QoS requirement. By the end of this step, U is divided into K|
sub-networks. In the second step (line:10-18), GPCA further evaluates the coverage
distance of each sub-network COV(Z;fk) and a sub-network will be clustered again if the

E2E time cost exceeds the delay budget:

cov(U L R
tcmax == ( k) . ( + Tmax) > gdel; Z/[k; - u, (411)
dmin erate
where C(;V(—%) computes the maximum number of hops in a sub-network and ﬁ + Trax

is the maximum per-hop time cost. Thus, a sub-network U, can be divided into K =

[-9a=] clusters. Next, GPCA uniformly divides I, into K clusters C, = {C}, ..., Cx}

tCmax

In this chapter, we define a network is connected if there exists a path connecting any pair of
vehicles while satisfying the E2E QoS requirements.
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Algorithm 6 Clustering algorithm

Input: Network mobility information M and reference distances (dpmin, dmax)-
Output: Cluster set C and cluster head set CH.
// First-step clustering
Obtain network mobility at time ¢:
for each u; in U do
Compute d,, [t] and d,, [t]
Split network if max{d,, [t], dy,[t]} > dmax
end for
Obtain I;{ = {L?l,b?z, tee ,LA{KU}
// Second-step clustering
. for each Z;{k €U do
Compute cov(Uy) and K
Uniformly divide U, into clusters Cp = {C4,...,Cx}.
for each C), € C;, do l

Compute: CH, = argeréun ly; — Zvjeck AR
Vj k

—= = s =
Ll

[t
o

16: end for
17: end for

and the vehicle closest to the cluster center is selected as the cluster head (CH), i.e.,

L,

1Cy|”

CHj, = argmin [,; — Z (4.12)

u; €CY, u; €Cx

where |Cy| is the total number of vehicles within Cj and  yields the cen-

weex
troid of cluster C. Finally, we obtain the cluster set C = {Cy,...,Cx} and the CH
set CH = {CH;, CH,,--- ,CHg}. In our design, each CH is responsible for receiving
data packets from the source vehicle via V2I links and distributing them within its
cluster.

However, estimating the inter-vehicle distance in ¢y can be challenging due to the
time-varying vehicular mobility patterns, which further affect the connectivity of the
network. Therefore, we aim to develop an effective solution to predict the connectivity

duration time based on the proposed clustering algorithm and proactively re-cluster

the network before the cluster loses its connectivity.
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4.4.2 Route Planning

We assume guaranteed QoS performance for V2I links as they use dedicated frequency
bands for data transmission in a single hop. As for intra-cluster V2V communications,
we focus on a multi-hop scenario considering the transmission distance constraints
and coverage requirements.

We consider a single-trip data transmission in our scenario, where the sender only
transmits each packet once without packet retransmission. To support the E2E QoS
requirements, the available routing paths need to satisfy the following constraints: (i)
Guaranteed throughput, i.e., each V2V link should guarantee a minimum data rate
of Orate; (ii) Guaranteed E2E reliability, i.e., the E2E PDR should be greater than
0.1 While ESS applications are time-sensitive, we formulate the routing problem to

minimize the E2E delay:

L
P1: argmin Z —ay T Tu (4.13a)

P i

u; P+

PU - 2
st. R,=DB,-log, 1+ Fédv |h]* ) > Brate (4.13b)
0
(Py)as — PL(dy)as — Nag > Osxr, (4.13c)
(1—p)" > bra, (4.13d)
[T =p0)") > bar, - (4.13¢)
i€P

where u; is the relay vehicle selected at hop ¢, (4.13b) is the the per-hop data rate
constraint, (4.13c) is the link condition constraint, and (4.13d) and (4.13e) are the
per-hop and E2E reliability constraints, respectively. The solution to P1 yields the
optimal routing path.

4.4.3 In-network Control

We use a simple example as shown in Fig. 4.2 to explain the in-network control

performed by each LPCA. After the GPCA broadcasts the control decisions to the
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Update: Src --> 4 -->9 --> ...

Figure 4.2: In-network control. The original path fails the transmission distance
constraints after ¢ time slots due to mobility. LPCA performs re-routing to locally
update the routing path.

network, all relay vehicles start data transmission following the control decision. In
the meantime, member vehicles periodically send beacon messages containing mobil-
ity information to their corresponding relay vehicles after packet reception. In this
context, each relay vehicle can construct a one-hop local network topology.
Although GPCA provides optimal control decisions, the network topology changes
over time due to mobility, leading to QoS performance degradation. To address
this issue, the LPCA at each relay vehicle adjusts the original control decision by
selecting a different next-hop relay based on the local network observations. For
simplicity, we refer to all vehicles within the transmission range as relay candidates.
Such location-based routing strategy is heavily discussed in literature [122]. However,
most protocols are developed in a best-effort fashion and are insufficient to guarantee
E2E performance due to the lack of global knowledge and QoS requirements. Thus,
how to efficiently select each relay candidate to adapt to network dynamics while

maintaining the E2E QoS guarantee remains a challenging issue.
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4.5 QoS-guaranteed Routing Protocol

4.5.1 Predictive Clustering Algorithm with Feedback Con-

trol

We assume MEC is adopted in an ESS-enabled system to execute heavy computation
tasks to support GPCA. While vehicle mobility patterns are simple in a highway
environment as opposed to urban settings, accurately modelling these patterns in
practice remains challenging due to the inherent speed and behavioural diversity
of vehicles. Furthermore, the accurate estimation of SNR and consequently, the
cluster connectivity is contingent upon precise inter-vehicle distance prediction, taking
into account path loss and fading/shadowing effects in the wireless channel. On the
other hand, a rich set of vehicle mobility data is uploaded to the BS provisioning
the fundamentals for data-driven prediction models. In this context, we propose a
proactive clustering algorithm to dynamically determine the cluster update period

using LSTM and historical vehicle mobility data®.

GPR LR SVR LSTM
Slow | 0.0008 | 0.0206 | 0.0225 | 0.0001
Normal | 0.0011 | 0.0205 | 0.0225 | 0.0001
Fast 0.0015 | 0.0205 | 0.0227 | 0.0001

Speed

Table 4.2: Mean square error (MSE) of four prediction models: Gaussian Process Re-
gression (GPR), Linear Regression (LR), Support Vector Regression (SVR), and LSTM
predicting vehicles’ locations in 10 time slots with different speed.

An accurate prediction model not only helps to maintain the connectivity of each
cluster but also reduces the control overhead between BS and vehicles. However, the

prediction accuracy decays as the prediction period increases. While a fixed prediction

8We adopt LSTM as a proof-of-concept to show the capability of the data-driven prediction
model in QCRP. We compared its prediction performance with other regression models as shown
in Table 4.2. More advanced prediction model such as graph attention networks (GATSs) [84,130]
can be adopted to improve prediction accuracy. In this work, we adopt a single-layer shallow LSTM
model and train offline using historical traffic data.
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Algorithm 7 Predictive Clustering with Feedback Control

Obatain {C,CH} and initialize to, tfi", tex
// Mobility prediction phase
for each vehicle u; € U do
Predict the trajectory D,, in %, slots:
D, = {l,, (), l,(t+ 1), ... L, (t+ 1)}
end for
// Connectivity evaluation phase
for each cluster C;, € C do
if 3d,,(t +ty) > dmax, u; € U then
Set t;, as the global upload period
end if
end for
Broadcast {C, CH, t(} to the network.
// Feedback control phase
if receive error message then
to = min{ty/2, tg"}
else
to = max{ty + t(, t5>}
end if

period is inadaptive to the prediction performance, we propose a proactive prediction
period control algorithm following the well-known Additive-Increase-Multiplicative-
Decrease (AIMD) to dynamically adjust the prediction period based on the prediction
results.

As shown in Algorithm 7, GPCA performs clustering at time ¢ and predicts the
mobility pattern of the network in ¢y time slots using LSTM. LSTM essentially pre-
dicts the trajectory of each vehicle in the network in time sequence, denoted by
Dy, = {l,,(t), L, (t +1),... 1, (t+to), }, Yu; € U. Next, GPCA evaluates the con-
nectivity of each cluster using the prediction results by calculating the inter-vehicle
distance. A cluster is considered as disconnected if Vd,, (t + t;) > dmax at t;, and
ty < to. We then adopt t{, as the upload period when all the member vehicles should
upload their mobility data to the BS. Finally, the clustering results {C, CH, t;} are
broadcast to the network. After each upload period, GPCA extends its prediction

period by ¢ slots, i.e., ty := to + t, if no error message is reported to the BS due



97

Layer S; Layer S, Layer Sn_; Layer Sy

Figure 4.3: Trellis graph representation

to disconnection. Otherwise, ¢, is reduced by half to restore its prediction accuracy.
To avoid overwhelming the prediction process, we manually set the lower bound ¢J™
and upper bound ¢;'** for the prediction period y. In summary, the update process

can be expressed as follows:

max{ty + t§,t3**} if error is false,
to = 0 (4.14)

min{tq/2, 5"} if error is true.

4.5.2 QoS-guaranteed routing algorithm

To better characterize the routing process, we use the Trellis graph G =<V, N, E >
to represent each cluster Cy as shown in Fig. 4.3. A graph consists of V nodes, F
edges, and N layers (representing N hops between the source and destination nodes).
Each layer S contains the complete V' nodes and all nodes between two layers are
fully connected with edges E. We regard the CH of each cluster as the source node
and the vehicle at the two ends of each cluster as the destination nodes. Thus, two
graphs can be constructed to represent a cluster, i.e., forward G£ and backward G,

respectively?.

YHowever, the trellis graph can grow exponentially with the increased number of vehicles of each
cluster, which increases the time complexity of finding the shortest path. To address this issue, we
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Next, we explain the proposed QoS-guaranteed routing algorithm to perform route
planning for each cluster as summarized in Algorithm 8. Specifically, to incorporate
the QoS constraints in our network representation, we define the weight of each edge
as follows

wn(i, ) = log(p\™ - ic™), Vi € S,,Vj € Spp1, (4.15)

tci j
Odel

where p, = ;:—el and fc = are the normalized PDR and time cost between node 7

and node j ogjtwo adjacent layers. For instance, w;(1,2) represents the edge weight
from node 1 in S; to node 2 in layer Sy. The benefit of such a weight metric design
is that both E2E delay and reliability are considered in our graph representation
thanks to the sum property of the logarithm. In addition, we set the weight to
infinity if the inter-vehicle distance exceeds dp,., to remove unsatisfactory links, i.e.,
{wy(i,j) = 0o|dy; > dmax}. Then, GPCA constructs the corresponding graph Gy for
each cluster Cy € C (Line:4). In total, the number of paths from the source node to
the destination node can be derived Npan = [[—; |Wal|, Where |w,,| is the number
of non-infinity-weight edges between two layers in the graph, and there are at most
VN number of paths in a graph. Finally, GPCA computes the shortest path that
minimizes the sum of the total weight from the source to the destination for each
graph using Dijkstra’s algorithm. The routing path P is then evaluated by the E2E

QoS performance metrics before broadcast to the network:

N N
te(P) =Y t™, P(P)=]] P
n=1 n=1

An error message will be reported if the current path fails to support the QoS re-

quirements (Line:5-8), i.e.,

L te(P) > baal|| Ps(P) < brel,
error = (P)> baallFo(P) 1 (4.16)

0 otherwise.

simplify the Trellis graph by merging multiple nearby vehicles as one node and randomly selecting
one of them as the representation of that node.
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Algorithm 8 QoS-guaranteed Routing Algorithm

: Input: C, CH, Q, dp.x, and (sre, dst).

: Output: Optimal path set P = {Py, -+, Px}.

: for C,, € C do

Construct graph G, = {G£ , G}, where the edge weight is denoted by

[ I

wni ) = {log(ﬁb-tcm) duy <= o,
oo duz > dmax-
5:  Compute optimal routing path for Gj:
Pr = Dijkstra(Gy, sre, dst).
6:  Evaluate tc and P; for P.
7. Report error if tc®) > 04 or Ps(k) < Oral.
8: end for

In addition, we assume the member vehicles covered between two consecutive relay
vehicles can receive the same packet simultaneously during transmission. In this
context, QGR essentially yields a tree-like routing path where the CH is the root

node, the rely vehicles are child nodes, and the rest member vehicles are leaf nodes.

4.5.3 Residual link lifetime-based relay selection

Despite the routing paths computed by GPCA guaranteeing the required QoS, they
fail to continuously maintain the performances over time due to network mobility. To
address the issue without more frequent global network topology updates, we propose
a distributed relay selection algorithm for the LPCAs deployed at the relay vehicles to
perform re-routing when a link is anticipated to break due to increasing transmission
distance.

Denote U, as the set of vehicles resides within the reference transmission distance

)

‘e 7 J as a relay candidate. We evaluate the

of u; and we refer a vehicle u; €
availability of each relay candidate using the residual link lifetime #J__, which is defined
as the time a relay candidate u; remains within the transmission range of u;. Denote
ds, s € {fwd, bwd} as the distance of a relay candidate to the front and back edge

of the transmission range as shown in Fig. 4.4. Thus, due to the speed differences
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Figure 4.4: Residual link lifetime evaluation

between u; and u; and vehicle positions, two types of residual distance can be specified
using the law of cosines:
When v; > v;, the residual distance dgyq satisfies

A2y = di, + diyg — 2dy, dpya cos(m — 0), (4.17)

max

where 6 is the angle between vehicle ¢ and j and d, ; is the inter-vehicle distance. By

solving (4.17), we obtain

diwa = dy, cos(m — ) + \/ (d2,, — d2 ) + (d;; cos(m — 0))2. (4.18)

max U

Here, £ is determined depending on the sign of dgyq. Similarly, when v; < v;, the

backward residual distance d},q can be expressed as

min

ia =, €050 % \[ (P, — @2,) + (d j cos 0)?, (4.19)

where d;, is the minimum reference distance. Therefore, the residual link lifetime
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Algorithm 9 Residual link lifetime-based relay selection

1: Input: Local network information M, transmission range {dmin, dmax }, original
relay vehicle ugyq.

2: Output: Updated relay vehicle ey
3: Update Tbudget = Odgel — (tstart - tnow)
4: Update Dist = Dist — d(ly,.,+lu,..)
5. Update dy, = _Dzst X Tbutlget'era:e
6: Compute 9, .., using (4.20)
7 if t99 < £, then
8! Upew = Argmax lyeg
u]-/EZ//jef
9: else
10: Unew = Uold
11: end if

can be estimated by

dfwd
Vi > U
o —vilr1 %3 = Vi
tros = (4.20)
dbwd ) .
o —ols1 Vi < Vi

To avoid the oscillation problem, the re-selection procedure is called only if the
residual link lifetime of the original relay is less than a threshold!® and the vehicle
with the maximum residual link lifetime is selected as the new relay, i.e.,

Argmax ty  1ed < fres,
Unew = Ut et (421)
Uj otherwise.
It is worth noticing that LPCA updates searching space at each hop by estimating

the remaining delay budget Ti,qget and remaining coverage distance Dist,y, as follows

Tbudget = edel - (tstart - tnow)v (422>

where tg.¢ and t,., are the timestamps when the data packets are sent out from the

OTn our implementation, we use the average residual link lifetime of the relay candidate set

tres = Zj cui bres; a3 the threshold value.
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source vehicle and the current reception time, respectively.
Distym = Ocov — A(Lupos lunse )5 (4.23)
where d(l,, ., lu,,,) is the distance from the current vehicle to the next relay vehicle.

In this context, dy, can be updated by

L max * era e
Qe = Distm X =1 fe, (4.24)

Tbudget ' erate

The updated d,;, is carried in the packet header which will be used for relay selection
in the next hop. The complete relay selection algorithm is summarized in Algorithm 9.

In a nutshell, when a data packet arrives at relay vehicle u;, the corresponding
LPCA first updates the remaining delay budget and coverage following (23) and (24)
by inspecting the control information carried in the packet header and local network

information (Line:3-5). Next, LPCA evaluates the original routing path by computing

old

e 1s smaller than a

its residual link lifetime. A new relay vehicle will be selected if ¢

predefined threshold value (Line:6-11).

4.5.4 Complexity and Control Overhead Analysis
Complexity analysis

The time and space complexities of QCRP mainly come from the centralized route
calculation (Algorithm 8). Assuming there are U vehicles divided into K clusters
and the average number of vehicles within a cluster k € {1,2,..., K} is N. Then the
space complexity of QCRP is O(K N). Note that since only a small portion of vehicles
will be selected as relay vehicles in QCRP, i.e., its graph representation is a sparse
matrix, the actual storage is less than O(K N). In terms of time complexity, QCRP
first computes the edge weight between two vehicles. Then, it runs the Dijkstra
algorithm based on the graph for the shortest calculation. Denote E as the number

of activated edges, i.e., edges without infinite weight according to Algorithm 8. Thus,
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the time complexity is O(E + N log N).

Control overhead analysis

QCRP adopts network prediction and local control to reduce the overall control over-
head. Here we use a simplified model to illustrate how QCRP reduces the overall
control overhead in comparison with a fully centralized solution using real-time global
network information. Assume the exchange frequency between vehicles and BS by f,
and f,, respectively, and the transmission duration is . Then, the energy cost can

be derived as follows

E(f,P)= %/0 Pdr,

where f € {f,, fy}, P € {Pup, Paw, P»}. Thus, the control overhead of the comparison
set is given by

EC =U- E(fgapup) +E<fgapdvv)'

Denote F' as the average global topology update period in QCRP and denote N,
as the number of non-relay vehicles. Then, the total energy cost of QCRP is given by

Eo=U B2 Py + BP0 + N, B(f,. P

1
= FEC + N, - E(f,, P,).

Furthermore, the local information can be carried in the ACK packet between vehicles.
Thus, the control overhead reduction of QCRP can reach up to F' times compared to

centralized solutions.

4.6 Performance Evaluation
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Table 4.3: Parameters Setting

Parameters Values

Noise power spectrum density -100 dBm/Hz
V2V and V2I channel bandwidth B,, B,, | 20 MHz
Transmission power 23 dBm
Carrier frequency 5 GHz

E2E delay requirement 64 30 ms

Data rate requirement 6., 80 Mbps
Reliability requirement 6, 99%

SNR threshold for data transmission fsyg | 23 dB
Cluster coverage 0., 500 m

4.6.1 Simulation setting

We used the Simulation of Urban MObility (SUMO) simulator to generate four mo-
bility traces with different traffic densities (high, medium, low, and sparse) on a
four-lane 5-km highway, where 463,336,219, and 136 vehicles are injected into the
system. The BS is deployed in the middle of the road covering the target region.
Three types of vehicles with different speed ranges: [25,30] m/s, [30,35] m/s, and
[35,40] m/s are considered. All vehicles adopt the Krauss car-following model and
lane-change model [121] by default to simulate real car movements. We set all vehi-
cles with the same transmission power of 23 dBm and assign a total bandwidth of
20 MHz in the 5 GHz frequency band for V2V data transmission. As for the QoS
requirements, we set the E2E delay, data rate, reliability, and coverage requirements
to be 30 ms, 80 Mbps, 99%, and 500 meters, respectively. We select one vehicle in the
trace as the source vehicle and set the rest as member vehicles. The source vehicle
starts transmission when it enters the target region and we evaluate the network per-
formance over time until it leaves the target region. The complete simulation settings

are summarized in Table 4.3.
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Figure 4.5: Clustering performance comparison under high traffic density scenario.

4.6.2 Clustering algorithm performance verification

First, we evaluate the connectivity performance of our proposed clustering algorithm,
denoted by ProCluster, and compare it with two other clustering algorithms, namely,
K-means and Road segmentation!!. The connectivity of each cluster is evaluated
using the connectivity model we derived in (4.9). In addition, we also evaluate the
performance Algorithm 6 (denoted by Mobile) to highlight the effectiveness of mobil-
ity prediction in ProCluster.

In our simulation, we first evaluate all algorithms in a short period without up-
dating the network topology. We use both the average network connectivity, i.e.,
average connectivity measurements of all clusters denoted in solid lines, and the min-
imal network connectivity, i.e., the cluster with the minimum connectivity denoted
in dashed lines, to characterize the overall performance of each clustering algorithm.
We use the high-traffic density scenario as an example. As shown in Fig. 4.5(a) Pro-

Cluster performed the best maintaining high connectivity throughout the experiment

HFor K-means algorithm, we determine the number of cluster heads by dividing the network
size, i.e., the distance between the front-edge vehicle and the back-edge vehicle, by the coverage
requirement. For road segmentation (Road seg), we employ the approach adopted in [109] by
uniformly clustering the target road into equal-length segments and selecting the centroid vehicle as
the cluster head.
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Table 4.4: Connectivity performance comparison

Algorithms | High Medium Low Sparse
0.9974 0.9976 0.9969 0.9973
0.9967 0.9968 0.9965 0.9959
0.9877  0.9872 0.9901  0.9911
0.9271  0.8551 0.9379  0.9638
0.9871  0.9829 0.9924  0.9911
0.9150  0.8096 0.9625  0.9638
0.9212  0.9627 0.9796  0.9854
0.6428  0.6776 0.8040  0.8861

ProCluster

Mobile

K-means

Road seg

with tolerable fluctuations. The connectivity performance using Mobile performed
the second best with its average connectivity satisfying the requirement most of the
time thanks to its two-step cluster design, however, its minimal connectivity failed
the requirement due to network mobility. On the other hand, K-means and Road
seg performed worse with high fluctuation in their connectivity performances as they
only depend on current topology and are unaware of network mobility.

Next, we fix the topology update period at 10 seconds to verify their long-term
performance as shown in Fig. 4.5(b). Similarly, ProCluster maintained the network
cluster connectivity throughout the simulation period while the rest restored their
performance only after each update. The network is updated adaptively based on
the prediction of vehicle mobility. Finally, we summarize the average and minimal
connectivity performances under different traffic densities in Table 4.4. Overall, Pro-
Cluster achieves an improvement up to 55% compared to other clustering algorithms
particularly when traffic density is high. This is because fewer clusters are formed
in high-density networks causing higher link outage probability at the edge of each

cluster due to vehicle mobility.

4.6.3 Global route planning performance verification

In this experiment, we evaluate the effectiveness of our proposed global routing al-
gorithm employed by GPCA, i.e., the QGR algorithm without LPCA’s local control
(denoted by QGR~G), in guaranteeing the E2E delay and reliability. Specifically, we



107

I QGR-G QGR-G
[ AODV 09 AODV
35 - |[——ppGR 7 DDGR
0.8 THLD
0.7
06
> 2
© =
3 S05
& 3
° o 04t
03
0.2
0.1 ’J
L] 0 . , . ; . .
high medium low sparse 096 0965 097 0975 098 0985 099 0.995 1
Traffic density e2e packet deliver ratio
(a) Average E2E delay comparison (b) Average E2E PDR comparison

Figure 4.6: Global routing algorithm comparison without local control.

compare the E2E delay and reliability performance of QGR-G with the DGGR al-
gorithm proposed in [29] and use AODV as the benchmark!?. In our evaluation, we
first compute the routing path for each cluster at time ¢ = 0 using the mobility traces
generated by SUMO and compute the theoretical average E2E delay and reliability
performances of the entire network over one update period (i.e., the same routing
paths are used for data transmission during this period). As shown in Fig. 4.6(a),
both AODV and QGR-G compute routing paths satisfying the E2E delay under dif-
ferent traffic densities. AODV provided a slightly better delay performance in some
cases, compared to QGR-G as it essentially computes the minimum-hop paths. On
the other hand, DGGR fails to satisfy the delay performance as it requires more V2I
links for data transmission when the inter-vehicle distance increases and lack of global
network topology. Note that the E2E delay can easily reach up to a few seconds for
the original DGGR algorithm based on the carry-and-forward mechanism.

As for the E2E reliability performance, we use the Dense traffic scenario as an
example. As shown in Fig. 4.6(b), QGR-G performed the best achieving a 0.8 prob-
ability that satisfies the reliability requirement (99%) while AODV only provides a

0.6 probability guarantee. This is because QGR jointly considered the reliability and

12We replaced the carry-and-forward mechanism in DGGR with V2I links for data transmission
to reduce E2E delay. Here, AODV essentially finds the minimum-hop path for each cluster.
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delay requirements when computing the routing paths. The routing path yield by
DGGR fails to satisfy the E2E reliability requirement as it always selects the farthest
vehicle within its reach for data transmission leading to low link reliability. However,
although QGR-G provides better E2E reliability performance over time (improve-
ment up to 28%), it failed to guarantee the E2E reliability due to topology changes
between global topology updates at the BS. Thus, the E2E performance cannot be

guaranteed.

4.6.4 QCRP performance verification

Finally, we evaluate the overall performances of the complete QCRP protocol in a
more practical setting using the ns-3 simulator. Using the same channel setting and
QoS requirement as summarized in Table 4.3, we implement a constant-bit-rate on-
off application at the source vehicle sending 10000 500 byte packets at the rate of
90 Mbps to fully utilize the V2V channels. At the beginning of each time period,
GPCA computes the global routing path and generates the corresponding forwarding
table based on the QGR algorithm. The BS then broadcasts the forwarding table
to the network and the packets are relayed accordingly by each relay vehicle. As
for in-network control, the forwarding table is updated locally by the LPCAs at the
relay vehicles according to the proposed relay selection algorithm. We verify QCRP
under different traffic densities in comparison with AODV and DGGR algorithms
and adopt QGR-G alone as a benchmark to show the effectiveness of re-routing.
In our simulation, we measure the average E2E throughput, latency, and reliability
(characterized by PDR) performances, respectively by computing the average E2E
QoS performance (i.e., from source to the edge vehicles) of all clusters over one second.

Due to page limit, we only present the simulation results under high density
and sparse density for analysis as shown Fig. 4.7. The throughput performance is
measured by the number of bits received at the edge vehicle of each cluster over one
second and the reliability performance is measured by the number of packets being

received by the edge vehicle over the number of packets being sent from the source
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Figure 4.7: QCRP E2E performance comparison: first row under high traffic density
and second row under sparse traffic density

vehicle. As for the E2E latency performance, we measure the average latency of the
packets received by the edge vehicle within one second and compute the average E2E
latency of all clusters.

QCRP marked in red curve performed the best over time under various traffic
densities thanks to the joint global and local control. Particularly, QCRP showed
high robustness to network mobility and traffic densities compared to the compar-
ison methods in terms of both throughput and PDR performances. As shown in
Fig. 4.7(a)(b) and Fig. 4.7(c)(d), both AODV and QGR-G marked in green and

blue curves, with only global clustering and route planning, suffered from large per-
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Figure 4.7: QCRP E2E performance comparison: first row under high traffic density
and second row under sparse traffic density

formance variation with oblivious degradation and recovery pattern between each
topology update. The variations increased when the traffic density was lower. This
is because the V2V links of each cluster are more likely to break due to increased
inter-vehicle distances. QCRP showed minimal E2E throughput and reliability per-
formance variation throughout the experiment. Note that the cause of lower PDR in
our simulations than in the theoretical analysis is the packet loss due to the limited
buffer size we set at each relay vehicle. On the other hand, the E2E throughput per-
formances achieved by DGGR showed short-term variation and long-term decreasing
patterns in general due to the lack of global route planning and its greedy-forwarding
design. Interestingly, DGGR performed slightly better in throughput when the traf-
fic density was lower. Similar patterns can be observed in its reliability performance.
This is because we modified DGGR by replacing its carry-and-forward design with
V2I links which are more stable than V2V links.

As it can be observed in Fig. 4.7(d)(f), QCRP showed slightly higher E2E latency
with more frequent variations compared to QGR-~-G and AODV (but always satisfies
the E2E latency requirement). This is because a new relay vehicle is re-selected

whenever the original relay vehicle is out of the transmission range. Thus, the number



111

of hops to reach the edge vehicles changes more frequently causing longer latency and
higher variations. AODV provisioned the least E2E latency since it uses the least-
number-of-hops path for packet transmission. On the other hand, DGGR saw an
increasing E2E latency under both traffic densities over time as more vehicles were
injected into the network resulting in more hops. Overall, we conclude that QCRP
provides improved and robust E2E throughput, reliability, and latency performance

under high mobility with the help of joint global and local protocol control.

4.7 Conclusion

In this chapter, we investigate the network routing problem in vehicular networks.
We propose a novel network architecture that leverages cross-layer information to
generate corresponding control strategies. Following the architecture, a novel rout-
ing protocol named QCRP is proposed to guarantee the required QoS. Specifically, a
predictive clustering algorithm based on LSTM is proposed to ensure network con-
nectivity by dynamically adjusting the topology update period and network mobility
prediction. A QoS-guaranteed routing algorithm is developed to perform route plan-
ning in a centralized manner based on QoS requirements and global network topology.
In addition, a residual link lifetime-based re-routing algorithm is proposed to adapt to
network dynamics and maintain QoS performance. We evaluate our solution with the
state-of-art and benchmark using traffic traces with different densities. The results
show that our solution is capable of guaranteeing the required QoS performances.

However, the potential of the proposed architecture and QCRP is yet to be ex-
plored. For example, how QCRP can be extended to multiple source scenarios and
enable serving multiple applications with various QoS requirements can be further

investigated.
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Chapter 5

QMAC: Resource Allocation for
Advanced Vehicular-to-Everything
(V2X) Application

In this chapter, we continue to research on how to provide QoS-guaranteed ser-
vices in vehicular networks. In Chapter 4, we focus on the routing problem in ve-
hicular networks with the assumption of dedicated spectrum bandwidth to support
inter-vehicle communications. However, the spectrum is limited and shared among
multiple users to improve resource efficiency which results in severe co-channel inter-
ference and impedes the user experience. Therefore, in this chapter, we focus on the
resource allocation problem in vehicular networks to support stringent QoS require-
ments and optimize resource efficiency. The frequently used symbols and notations

are summarized in Table 5.1.

5.1 Introduction

The resource allocation problem in V2X communications has been heavily explored in

the literature [54,117]. While these approaches show satisfactory performance in dif-
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Table 5.1: Notations and definitions

Symbol Definitions

Ui & k th vehicle located in cluster 7

U, M Sets of vehicles, clusters, and QoS requirements
Bl(l,z Selection indicator of sub-channel [ by wu; j

B Sets of sub-channels

By, By Bandwidth allocated for V2I and V2V links
Pgs, P, Tx* power used by BS and vehicles for V2I links
P,y Tx" power used by wu;;’s V2V link

P Sets of power levels

i i Channel gain between u;; and its receiver

FE’,Z SINR at u; j over sub-channel [

R Achievable link capacity of u;;’s V2V link

Pr; 1 Achievable link reliability of u;’s V2V link

Gi k Error control decision indicator of u;

Ai Resource efficiency metric achieved by cluster ¢
@i Jo The action selected by u; x

Gik The utility gain achieved by w;j after an action

* . .
Short for transmission

ferent scenarios, many of them only optimize one aspect of QoS metrics, e.g., latency,
throughput, and reliability, and assume sufficient spectrum bandwidth and accurate
vehicular channel information, which is insufficient for V2X applications requiring
guaranteed QoS in multiple dimensions under high mobility. Recently, with the ad-
vent of mobile edge computing (MEC) and deep learning (DL) algorithms, researchers
propose to adopt reinforcement learning (RL) in V2X scenarios to improve network
performance [110]. However, these DL-based solutions suffer from high training costs
and are vulnerable to the out-of-distribution problem.

To bridge the gap, we propose a QoS-guaranteed medium access control (QMAC)
protocol combining both centralized and distributed control decision leveraging the

off-the-shelf tools defined in 5G NR-V2X standards and lightweight online learning
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algorithm. Specifically, we first analyze the channel model and reliability model of the
target vehicular network. We define a new metric considering both the achievable data
rate and spectrum usage to characterize the spectrum resource usage efficiency. Next,
we formulate an optimization problem to maximize the proposed resource efficiency
metric while considering the QoS requirements as constraints.

Since the formulated problem is NP-hard, we develop a heuristic framework to
solve it by decoupling the original problem into two steps. In the first step, the
base station (BS) computes the optimal spectrum resource allocation scheme for each
vehicle based on the global network knowledge. To reduce the high control overhead
caused by frequent topology updates, maintain the network performance, and improve
the responsiveness to network dynamics, we enable distributed power control and error
control by each relay vehicle in the second step. Before the global network is updated
again, the relay vehicles continuously evaluate the current control strategy based on
local channel condition observations. A new power level and error control scheme will
be selected if the previous ones fail to satisfy the QoS requirement.

Since we assume no collaborations among vehicles, we formulate the distributed
power and error control selection as an unknown general-sum game to maximize
each relay vehicle’s utility and converge to equilibrium over time. A multi-arm-
bandit (MAB)-based learning algorithm [60] is adopted to solve the unknown game
and yield the optimal control strategies. Finally, we compare our solution with the
existing solution and two other baseline approaches via extensive simulation. The
results show that our solution is capable of ensuring high resource efficiency while
guaranteeing QoS performance.

The rest of the chapter is organized as follows. In Section. 5.2, we introduce the
preliminaries and related work. In Section. 5.3, we explain the system model of our
scenario. Next, we formulate our resource optimization problem in Section. 5.4. In
Section. 5.5, we explain our proposed solution to the optimization problem. Simula-
tion results are discussed in Section. 5.6. Finally, we conclude our work and discuss

the future works in Section 5.7.
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5.2 Related Work

5.2.1 5G NR-V2X

Two frequency ranges are supported in Rel. 16 NR V2X sidelinks [43], namely fre-
quency range 1 (FR1): 410 MHz —7.125 GHz, and frequency range 2 (FR2): 24.25 GHz
—52.6 GHz. In this work, we only consider the resource allocation in FR1, where the
cyclic-prefix orthogonal frequency division multiplexing (CP-OFDM) with scalable
numerology is adopted for signaling!. In NR V2X, a sidelink radio frame is divided
into 10 equal-length subframes, each with a duration of 1 ms. The number of slots
per subframe depends on the subcarrier spacing (SCS) given by 2* x 15 kHz used
for different numerology, where u € {0,1,2,3} is the configuration factor. Thus, the
length of a slot is 1/2* ms.

In NR-V2X, the bandwidth part (BWP) concept is introduced to support de-
vices that cannot handle large bandwidths, enabling flexible and efficient resource
usage [43]. Within a BWP, a subset of available resources named resource pool (RP)
is configured to be used by users. In the frequency domain, an RP is divided into
L contiguous sub-channels denoted by £ = {1,2,..., L} and the bandwidth of each
sub-channel is denoted by By. In the time domain, the RP is divided into slots and
the slot duration is determined by the numerology selected as discussed above. Thus,
a sub-channel within a slot can be represented by a resource block group (RBG).

In addition, two modes are defined in 5G NR V2X to facilitate efficient V2X com-
munications. In mode 1, the BS allocates sidelink (SL) resources for V2V communi-
cations using the NR uu interface in a centralized manner. Two methods, configured
grant (CG) and dynamic grant (DG) are defined in mode 1, where the user entity
(UE) requests resources in the CG method while BS reserves resources for UEs in
the DG method. In mode 2, UEs can independently select SL resources from the

RP and reserve the corresponding sub-channels for a period of time named resource

!The selection of numerology depends on the channel condition [20] and is beyond the scope of
this chapter.
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reservation interval (RRI).

Furthermore, HARQ is supported in NR-V2X to improve reliability performance
by employing forward error correction (FEC) and error detection codes in combination
with a retransmission strategy. Another new feature introduced in NR-V2X is the
re-evaluation mechanism. A UE that has selected one SL resource will continue
sensing the transmissions from other UEs during the selection window. A UE can
decide whether to transmit by checking if the selected resource is still available. The

re-evaluation mechanism adds more flexibility to V2X communications [43].

5.2.2 Resource Allocation Solutions in V2X

The existing solutions can be categorized into centralized and distributed ones in gen-
eral. In terms of centralized solutions, in [137], a two-stage centralized resource alloca-
tion and distributed power control using the non-orthogonal multiple access (NOMA)
technology was developed to reduce latency and improve network capacity. A two-
step resource allocation strategy was designed in [131] where a joint power control,
platoon formation, and resource allocation optimization algorithm based on dynamic
programming is developed. Authors in [48] discussed a reliability and latency-aware
resource allocation that maximizes the network throughput by power allocation and
spectrum reuse. [25] investigated a joint platoon partition, power control and spec-
trum allocation problem for vehicle platooning to guarantee the reliability of intra-
platoon communication and maximize the network capacity. While the centralized
approaches are effective for platoons where the network topology is stable, they intro-
duce high control overhead to obtain vehicular channel information in other scenarios
where the network topology changes frequently.

As for distributed solutions, most existing works focus on analyzing the collision
probability and solving the hidden terminal issue [123]. [118] proposed a receiver
grant-based resource allocation strategy to reduce latency and collision probability via
explicit resource reservation indication. [69] proposed an enhanced mode 2 procedure

using convolutional neural network (CNN) based classifiers to reduce the number of
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blind decodings.

More recently, deep reinforcement learning (DRL) has been adopted in vehicular
networks to add intelligence for efficient resource usage [89]. In [22], the authors devel-
oped an improved random selection (IRS) scheme to reduce the collision probability
based on the analysis of packet collision factors. Furthermore, they developed a deep
deterministic policy gradient (DDPG) algorithm to improve the network performance
via inter-vehicle collaboration. In [47,77,107], the authors proposed distributed re-
source allocation frameworks based on multi-agent reinforcement learning (MARL) to
enable vehicles to intelligently re-configure resource allocation policy via interactions
with the network environment in a distributed manner. However, due to the lack
of global network knowledge and high contention delay, the distributed solutions are
insufficient to guarantee the QoS requirements. Moreover, the training costs of DRL

models are high and require re-training in new scenarios.

5.3 System Model

5.3.1 Scenario Description

We follow the same network architecture as proposed in Chapter 4, where the network
is clustered and routing paths are formed for each cluster using QCRP. As shown
in Fig. 5.1, in the proposed framework, each member vehicle uploads its mobility
information to the BS periodically via the physical uplink control channel (PUCCH)
where a global network topology is maintained. The control decisions on cluster and
routing paths are then broadcast to the network via the physical downlink control
channel (PDCCH). To reduce the overhead of frequent global topology updates and
enable fast response to local network dynamics, the relay vehicles can adjust the
original routing path based on local observation by interacting with their receivers via
the physical sidelink control channel (PSCCH). The physical sidelink shared channel

(PSCCH) is used for data transmission among vehicles.
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Figure 5.1: An overview of the extended sensor sharing application on a multi-lane
highway scenario, where dedicated bandwidth is divided for V2I and V2V communi-
cations.

We denote T as the network topology update period at the BS. At the beginning
of T, the BS allocates spectrum resources to each cluster to support the required QoS
performances. During 7', each relay vehicle adjusts the control strategy such as error
control and power control independently to adapt to the channel variations.

To be more specific, the BS first divides the total available bandwidth into two
parts for V2I and V2V communications, respectively. We denote the total bandwidth
dedicated to the V2X application by By, and the bandwidth assigned to V2I and
V2V communications are denoted by By and By. B; and By use non-overlapping
frequency band for data transmission and thus, the interference between V2I and
V2V links is avoided. Next, it allocates By to each cluster with the goal of resource
efficiency maximization. In this context, we aim to maximize bandwidth spatial reuse

by minimizing the number of sub-channels for data transmission while satisfying the
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QoS requirements. Within each cluster, we assume the adoption of the time division
multiplexing (TDM) so the intra-cluster co-channel interference can be avoided [77].

Furthermore, to address the performance degradation issue caused by network
mobility, a distributed power and error control selection algorithm is adopted by each
relay vehicle. Each relay vehicle continuously evaluates its channel condition via the
CSI feedback sent from its receivers and adjusts the transmission power and error

control scheme if necessary.

5.3.2 Network Model

Denote U as the complete set of member vehicles. In total, there are U vehicles. Each
vehicle uploads its mobility information denoted by {l,,v,}, u € U to the BS, where
ly = (%4, yy) is the location of vehicle u and v, is its speed. Thus, the inter-vehicle

distance can be computed:

uu/ = \/ —Z'u (yu — yu)Q, 'LL,U/ cu. (51)

We assume the network is divided into M clusters, denoted by M = {1,2,..., M}.
Within a cluster i, we denote the set of relay vehicles by IC; and the k th relay
vehicle in cluster ¢ by u; ;. In addition, we denote the QoS requirements by a tuple
Q = {brel, Orate, Osinr }, Where 0, is the reliability requirement, 6,4 is the data rate
requirement, and Oging is the SINR requirement. In this work, we assume Q is known

by all vehicles and remains unchanged during the same session.

5.3.3 Channel Model

We assume line-of-sight for V2I communications between BS and each relay vehicle.
Denote the transmission power of BS by Pgg, then the signal-to-noise ratio (SNR) of

a downlink channel can be expressed as

P
SNRd— > BSRxlh‘z (5.2)
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where dpg g, is the distance between the BS to the receiver vehicle, ¢ is the shadowing
component, h is the Rayleigh-distributed fading magnitude with E(|h|?) = 1, Ny is the
power of additive white Gaussian noise (AWGN), and « is the path loss component.
We assume a symmetric channel condition for the uplink. Thus, the SNR of the

uplink can be expressed as
PU — 2
SNR, = <=0dzg ps|h|”, (5.3)
No ’

where dr, ps is the distance between the source vehicle and BS and P, is the vehicle
transmission power.

Using the well-known Shannon capacity model, the uplink and downlink data rate
is given by?:

Ry = By-log, (1+SNRy), f € {u,d}. (5.4)

As for the V2V links, since the same sub-channels are shared by multiple vehicles in
different clusters, we adopt SINR to model the transmission rate. Here, we denote I 51,1
as the SINR experienced by w; at sub-channel [, whose received signal is interfered
by other vehicles uy pr, i" # i, € M, k' € K in different clusters that reuses the

same sub-channel:

P
l lzk Z,k}
rl) -

5.5)
: M I o0 D (
O + D irm i Zk/e/ci, > ﬁf,lil%zkf|h§/,)k/|2

where P, is the vehicle transmission power; \hEl,)CP = dd; 2|h|? is the channel gain
from the sender to u;, where |h|> ~ A(0,1) is the Gaussian variable representing
the Rayleigh fading; ¢ is the variance of the AWGN; Similarly, Py, and |h5,l)k,| is
the transmission power and channel gain from the interfering vehicle uy i to u; .

Let 5,-(72 € {0,1} denote allocating sub-channel [ to u; . Thus, the data rate for the

2We assume the BS multicast the control decision to the network using the entire B, so co-
channel interference is omitted.



121

corresponding V2V link can be modeled as follows:
M_Zﬁ ) Bology(1+TV)), i € M,k € K. (5.6)

5.3.4 Reliability Model

We use the packet delivery ratio (PDR) of a link to characterize the per-hop trans-
mission reliability:

Pp=(1-m)", (5.7)

where py, is the bit error rate (BER) and n is the payload in bits. PDR can be improved
using physical-layer error correction code (ECC) such as forward error correction
(FEC) by adding redundant information bits [86,136]. Let w; ;. denote the reliability

improvement gain expressed as

e, if FEC is adopted,
1, otherwise,

where € is the improvement gain added to PDR when FEC is adopted. For example, m
bits are used to encode the original data packet and successfully decoding n (m > n)
bits at the receiver side will result in successful packet delivery. In this context, the

improvement gain of adopting FEC can be expressed as

oy (L =00)" T ey e
€= (">—(1 o (n)pb ) (5.9)

Moreover, since the HARQ mechanism is introduced in NR V2X SL to provide
reliable transmission for sidelink communications, the reliability can be further im-
proved by reserving an additional slot for packet retransmission as shown in Fig. 5.2.

Let 7, denotes the improvement on reliability using retransmission at w;j, then it
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Figure 5.2: An example for periodic resource reservation considering HARQ retrans-
mission.

can be expressed as:

1—(1—Py)? . .
—p one-time retransmission,

Nik = (5.10)
1, otherwise.

In this context, the achievable PDR of a V2V link for u,; can be written as follows
Priy=nix wi- Py (5.11)

We use ¢; ;, = (0, w; k) as a decision indicator to denote the error control combination
selected by u;, e.g., (0,0) represents no error control is needed and (1, 1) represents

both FEC and retransmission is adopted.

5.4 Problem Formulation

5.4.1 Resource Efficiency Optimization

Different from the existing works [131] which optimize the network utility by max-
imizing the data rate performance, we propose to maximize the resource efficiency

in our problem formulation. In other words, we aim at achieving a finer granularity
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of resource utilization by avoiding resource over-provision. We assume that the im-
provement gain on QoS performances becomes trivial after the required resources are
satisfied, for example, for an application with a data rate requirement of 80 Mbps, pro-
viding a large link capacity at a few hundred Mbps brings limited additional value to
the application compared with providing just enough link capacity around 80 Mbps.
In this context, we define \;, the achievable data rate per resource to characterize the

resource efficiency of cluster ¢ within the resource allocation period, i.e.,

= Z R L (5.12)

kekC; rate Zl 1 zk

where we use the data rate gain R/, and resource usage ratio ZZL:I Bi(l,z /L to repre-
sent the network utilization performance. Thus, we formulate our resource efficiency

maximization problem as follows:

Py : max Tt 1 ZZI)\ (5.13a)
BY {01}, le Lk eKiieM, (5.13b)
Br+ By < Biot, (5.13¢)
R k[t] > brate, 1 € M k€Kit =1,...,T, (5.13d)
Rf[t] > Orate, Vf € {u,d},t=1,....T, (5.13¢)
Priglt] > e, k€ Ksie Mt =1,...,T, (5.13f)

where 3, ®, P are the control decision vectors of sub-channel allocation, error con-
trol scheme combination, and transmission power selection determined for all relay
vehicles, respectively; (5.13b) is the resource selection constraint, i.e., ﬁi(f,z = 1 if the
[ th sub-channel is allocated to vehicle w;; and Bflll = 0, otherwise; (5.13c) indicates
the bandwidth usage constraint; (5.13d)-(5.13f) represent the data rate, transmission

period, and reliability constraints, respectively. Note that we assume Bj is assigned

with the number of sub-channels to support the throughput requirement. Thus, it
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can be determined by solving (5.13e) when the equation holds. By can be calculated

by counting the total number of reserved sub-channels, i.e.,

L

By = max {Z B Bo|VE € Kyyi € M} . (5.14)
=1

The main challenge of solving this optimization problem lies in estimating the achiev-

able data rate and the reliability performances given the time-varying channel con-

dition due to high network mobility, inter-cluster co-channel interference, and fading

effect.

5.4.2 Power and Error Control Selection Game

We consider a set of discrete transmission power levels P := {P,..., Pc} with
size C' and an error control set of size W denoted by ® := {¢1, ..., ¢w}. The selection
of power level and error control combinations together form a finite action set A :=
{a; = (Pj,¢;)|j = 1,...,A}, where A = C x W is the total number of actions.

3 i.e., select

Assume that a vehicle can finish the interaction in one round of the game
an action (power level and error control scheme) for packet transmission and receive
the corresponding ACK. At the end of each round ¢, the relay vehicle can calculate
the utility of the action ¢'(a,). To highlight the dependency of the utility gained by
vehicle u; in round ¢ on all vehicles sharing the same sub-channel, we denote the
utility function by g{k(&;; At ), where A' denote the actions taken by other relay
vehicles.

Note that each relay vehicle is in the bandit setting, i.e., only its own utility can be
calculated by measuring the throughput and any other vehicles’ actions and utilities
can not be observed. The goal of each relay vehicle in the unknown general-sum game

is to maximize its own utility while not hurting the overall network performance. We

use the correlated equilibrium concept to measure the optimality of a solution.

3We assume that the duration of each round is the same as the resource reservation interval
pre-configured for the relay vehicles.
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Definition Let P! be the joint probability distribution over the complete action space
A := [],c Au among all relay vehicles sharing the same spectrum band in round ¢,
where ¢ is the time slot length of each subframe configured by the BS at during the
centralized configuration phase. We define P! as the correlated equilibrium if for

every vehicle, the incentive to deviate from one action a,, to another a/, satisfies:

> Pl(glan; A) <Y Plglan; A_y)), (5.15)

acA a€h

i.e., no vehicle can improve its utility via strategy modification.
We adopt the swap regret concept to characterize the action selection process of

each vehicle in the proposed general-sum game. We define the swap function ¢ that

/
n’

maps action a, to al,, a,,a, € A. Then the swap regret during the T-round game

can be expressed as:

T
Ropp =maxE | Y Y " gl (d(ah); A,) — gl (al; A", | - (5.16)
t=1 an,€A
Therefore, we aim to design an algorithm to find the optimal control decision for each

relay vehicle by minimizing the swap regret.

5.5 QoS-guaranteed Medium Access Control

We aim to guarantee the QoS requirements using a hybrid control strategy: central-
ized resource allocation and distributed resource adaptation. Since Pq is a mixed-
integer nonlinear programming (MINLP) which is NP-hard, we develop a heuristic
solution by decoupling it into two subproblems and solve them separately at different

places as depicted in Fig. 5.3.
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Figure 5.3: Overview of the proposed hybrid control strategy: centralized control at
BS and distributed control at relay vehicles.

5.5.1 Branch and Bound-based Centralized Resource Allo-
cation at BS
The BS is responsible for computing the optimal subchannel allocation scheme based

on the global network topology knowledge and QoS requirements in a centralized

fashion. We first decouple Py by abstracting the sub-channel selection problem.

M By

P, : mﬂin ZZ@(D (5.17a)
i=1 =1

s. t. BV e{0,1}, leLl,ieM, (5.17b

Br + By < By,
Ri Z Qratea { € M7
Pr; > 0., i € M. (5.176
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We develop a two-step algorithm using the branch and bound (BB) method to solve
P; as summarized in Algorithm 10. First, we compute the minimum bandwidth

required for V2I communications (line: 3) by

erate

- log(1 + SNRgmin)’

By (5.18)

where SN Rjmin is the minimum SN R measured among all cluster heads. Then, the

rest of the sub-channels are reserved for V2V communications, i.e.,
BV - Btot - BI. (519)

Next, we compute the optimal resource allocation strategy for each cluster (line: 4).
Specifically, we start with relaxing the binary sub-channel selection variable ﬁl-(l) to
a continuous variable Bi(l) € [0,1] and thus, Py is converted into a convex nonlinear
programming denoted by P} and can be solved using a standard optimization solver.
After solving P}, we map the continuous variable [;' back to discrete values while
meeting the QoS constraints if there exists Bi(l) ¢ {0,1} (line: 5 — 17). To speed up

the convergence of the algorithm, we scale each Bi(l) by a threshold value p,

. 1, it Y >,
Bl = (5.20)

0, otherwise.

Then, the newly scaled decision set is evaluated by the QoS constraints iteratively
(line: 8 — 16). If all the constraints are met, we continue to minimize bandwidth
usage by flipping the sub-channel /Bi(l) with the minimum SINR from 1 to 0 of the

cluster achieving the highest data rate, i.e.,
V=100 = in SINRY, i* = R, 5.21
{8 - | Arg min i 0" = argmax Ry, }. (5.21)

Otherwise, an error message will be pushed to the BS to warn of the lack of spectrum
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Algorithm 10 Branch and Bound based Spectrum Allocation

Input: Network topology, QoS requirements Q.
Output: Sub-channel allocation strategy 3
Compute available bandwidth resources: solve (5.18) and (5.19) for B; and By.
Relax (5.17b) to [0, 1] and obtain P
Selection decision initialization: Solve P for 3.
if V3" € {0,1}, B¥ € B. then
Return 8 = B
else
Scalarize B to 8 by probability using (5.20).
Evaluate 8 by constraints (5.17b)-(5.17e).
Push error message to the application if exists failed constraint.
while all constraints are met do
Flip ﬁi(l) following (5.21).
if exists failed constraint then
Return unfliped S3.
end if
17 end while
18: end if

e e e e e e

resources to guarantee the required QoS. The updated decision set is then evaluated

again following the same procedure until a feasible solution is found.

5.5.2 Control Strategy Adjustment with Bandit Feedback

Before the global topology is updated, i.e., during the distributed control period, each
relay vehicle adjusts its transmission power and error control scheme by minimizing
the swap regret defined in (5.16).

We assume the adoption of the re-evaluation mechanism introduced in the NR
V2X Sidelink standard [43] in our scenario, where all vehicles can sense and manage
resources independently. As shown in Fig. 5.4, each relay vehicle maintains a sensing
window for strategy evaluation and a selection window for strategy selection®. As
it has been discussed in Section 5.4.2, we denote A as the complete combinations

of all error control schemes and power levels and a;x[t] = {¢;x, Pix} as the control

4Thanks to the centralized allocation, each relay vehicle is allocated a set of specific sub-channels
for data transmission, and thus, the hidden terminal problem is avoided.
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Figure 5.4: MAB-based control strategy adjustment. The relay vehicle evaluates the
previous control strategy during the sensing window and configures the new strategy
in the selection window.

strategy decided by each relay vehicle w;; Vi € M,k € K; at the beginning of ¢ th
transmission period. During the sensing window, w; ; continuously senses the SINR of
the assigned sub-channels 3;, via the CSI feedback from its corresponding receivers
and computes the achieved utility gain gfk We design the utility function as the
achievable goodput:

gik(afl; Al) = Priy - C(Rig), (5.22)

where Pr;, is the probability of successful packet transmission and C(R; ) is a clip
function applied to the achieved data rate: C(R;;) = 1 when R;; > Ry and
C(Rix) = Rix/Ruate, otherwise. In this case, the utility is limited within the range
of [0,1]. The utility function can be easily extended to incorporate other factors such
as delay, spectrum, and power efficiency, etc. In this work, we focus on the goodput
performance.

Next, each relay vehicle u; ; adjusts the current control strategy in the selection

window based on the CSI feedback. The change of the control strategy is determined
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by solving the unknown general-sum game we formulated in Section. 5.4.2 where the
swap regret defined in (5.16) is minimized.

To this end, we design a learning framework using the MAB concept as shown
in Fig. 5.4. FEach relay vehicle needs to determine a set of control strategies to
maintain the QoS performance based on the CSI observations. This process can be
regarded as an agent (i.e., the vehicle) playing a non-stochastic multi-armed bandit
(i.e., the control strategy set) against a non-oblivious adversary (i.e., the competing
vehicles) [12]. In this context, the vehicle needs to tradeoff the exploration (i.e.,
understand the payoff of choosing other actions) and exploitation (i.e., continuously
choosing the action that seems to be optimal) to maximize its utility.

Since not all actions (i.e., power level and error control selection) are sufficient
to guarantee the QoS performances and exploring the complete action space A can
be time-consuming, we first filter out the inapplicable actions by the data rate and

reliability constraints:

Yiee, BUBylog(1 + = - Tig) > brae,

¢;7k . Pd Z eratev

(5.23)

where P,_; is the power level selected in the previous round ¢ — 1 and P/ represents
any power level that satisfies the data rate constraint in the coming round ¢ based
on the SINR observations in the sensing window. Similarly, V¢, € ® is considered
as an applicable error control scheme. In this context, we denote A" = {P’, ®'} as
the remaining action set after filtering. Next, we adopt a swap-regret minimization
approach [60] to determine the new control strategy.

At the beginning of each transmission period, i.e., each round of the game, the
vehicle selects an action from the filtered action set A’ based on the evaluation of
current channel states to maintain link performance. An action is required only
when if the current action no longer meets the QoS requirements, otherwise, the

control strategy remains unchanged and no action will be taken. The transition of
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Algorithm 11 Distributed Control Strategy Adaption

1: Input: Predefined control strategy set A, QoS requirements Q
2: Output: Updated control strategy 2.

3: fort=1,2,...,T do

4:  for Each relay vehicle u; ; € U do

5: /] Action space filtering:

6: Obtain the applicable action set A" using (5.23) filter.

7 // Initialize:

8: Qo=7% L2y =0, Va,d €A

9: // Procedure:

10: Compute the action selection probability distribution I, using (5.24).
11: Choose an action with probability a ~ II¢.

12: Receive feedback and compute utility gain g’ .

13: for a € A do

14: Compute the instant penalty Y, using (5.25).

15: Compute the accumulated penalty wa, using (5.26).

16: Update the transition probability matrix Q' using (5.27).
17: end for

18:  end for

19: end for

actions between each round can be modeled by a Markov chain. The transition matrix
denoted by Q! is updated at the end of each round based on the obtained utility. Each
row of Q! corresponds to an action transition probability distribution denoted by
Qy, = [} o/)aarca, where @' is the new action and ) . 4 ¢ ,» = 1. Similarly, the action
selection probability distribution is denoted by II! := [w}]sea and > _ 7 = 1,

where 7, represents the probability of choosing action a in round ¢. Then, the final

decision can be obtained by solving the following equation:
m =11 . Q. (5.24)

In addition, we define the instant penalty of choosing a new action a’ instead of a
as follows:

Vi, =~ ey gy, (5.25)

where g, is the utility gain of action a calculated using (5.22). Let Lzzl/ denote the
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variable to track the accumulated penalty during the 7" rounds of game, where

Lt =1Lt +Y!, t=01,..T-1 (5.26)

/
,(Z’

The transition probability can be further expressed as:

qt+1 — exp(_sptLtL,CL/)
“e Za/GA eXp(_thsz,a’) 7

(5.27)

where ! is a positive non-increasing control variable to determine the learning rate.
We use ¢f = \/@ as suggested in [60]. Note that L} ,, will not increase if an action
is not selected as defined in (5.25). Thus, the design of (5.27) has a better ability to
trade-off between exploration and exploitation, that is, the action will have a higher
probability of being selected if it has not been selected or suffers a lower penalty.
Finally, we summarize the proposed control strategy selection algorithm in Algo-
rithm 11. As shown from Line 3 to Line 6, at the beginning of each control strategy up-
date period, i.e., t = 0, the relay vehicle filters out the undesirable actions from the ac-
tion set, initializes the transition matrix using a uniform distribution @, , ~ U(0, A),
and sets the accumulated penalty Lgya, = 0. During the control strategy adaptation
period, i.e., t =1,...,T, each relay vehicle adjusts its control strategy by choosing an
action from the learned probability matrix P! as shown from Line 9 to Line 11. Then
the transition matrix is updated as shown from Line 12 to Line 16. At the end of
each round, the action set A is updated again using the newly received local informa-
tion as shown in Line 17. We use 2 = {a11[1],-- -, anm iy, (1], @11(2], -+ aniey, [T}
to represent the action decision set determined by each relay vehicle during 7' time

slots.

5.5.3 Complexity Analysis

Since QMAC is executed at two different places, i.e., the centralized spectrum allo-

cation at BS (Algorithm 10) and distributed control strategy update at each relay
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vehicle (Algorithm 11), we discuss their complexities separately.

For Algorithm 10, we adopt the fmincon solver implemented in MATLAB [80]
using the sequential quadratic programming (SQP) method to solve the nonlinear
convex optimization problem formulated in P}. SQP yields a typical quadratic time
complexity depending on the input size and constraint complexity [36,103]. Assuming
the channel selection space B has an average size N, then the time complexity of
this step becomes O(N?). Next, each element in 3 needs to be mapped back to a
discrete value by comparing the estimated performance metric with the required QoS
values. In the end, the time complexity of Algorithm 10 is O(N?). However, since
Algorithm 10 is running at the BS and can be equipped with MEC server, the actual
computing time can be reduced.

Algorithm 11 requires computing the transition probability distribution matrix
Q! for each vehicle at time slot t. Each action a!, requires O(A) time to update
its transition distribution. Thus, the time complexity is O(A?). In other words, the
complexity of Algorithm 11 grows quadratically with the size of the action space A.
However, having a finer granularity of transmission power levels or extending error
control functions allows better adaptivity to the dynamic environment of the system.

Therefore, there exists a tradeoff between complexity and control performance.

5.6 Performance Evaluation

In this section, we verify QMAC via extensive simulation experiments. We first
introduce the experiment settings in our simulations, including traffic trace gener-
ation, channel parameters, QoS requirements, and benchmarks. Next, we discuss
the simulation results in detail to provide a comprehensive analysis of our proposed

solution.
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Table 5.2: Parameters Setting

Parameters Values
Fading factor o 3.2
sub-channel bandwidth B, 300 kHz
Noise power spectrum density -100 dBm/Hz
Total assigned bandwidth By, 30 MHz
Maximum V2V Tx power 30 dBm
Default V2V Tx power 23 dBm
Data rate requirement 6. 80 Mbps
Reliability requirement 6,¢ 99%

SINR threshold for data decoding fsing | 10 dB

5.6.1 Experiment setting

We used the SUMO simulator to generate four mobility traces with different traf-
fic densities (high, medium, low, and sparse) on a four-lane 5-km highway, where
463, 336,219, and 136 vehicles are injected into the system. A BS is deployed in the
middle of the road covering the target region. Three types of vehicles with different
speed ranges: (25 — 28 m/s), (28 — 35 m/s), and (35 — 40 m/s), are considered. All
vehicles adopt the default Krauss car-following model and lane-change model [121] to
simulate real car movements.

The vehicular network is first clustered using the QCRP protocol [111] which
determines the cluster heads and updates the global network topology and re-clusters
every 10 seconds. Then, we apply the proposed solution based on the clustering
results®. Finally, the physical layer resource parameters and QoS requirements are
summarized in Table 5.2.

We compare QMAC with a BB-based solution developed in [131] (denoted by
BBRC') and two baseline approaches, namely, uniform resource allocation (denoted
by Uniform) and spatial resource reuse (denoted by Spatio). In Uniform, By is dis-

tributed equally to each cluster, i.e., B‘(/i) = (Bt — Br)/M, i € M. In Spatio, we first

5In the simulation, we assume that at each time slot, only one vehicle is transmitting within each
cluster. Thus, the transmission process in one cluster is only affected by transmitters from other
clusters and the number of interfering vehicles equals to M — 1.
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Figure 5.5: Data rate performance comparison under different traffic densities.

compute the minimum bandwidth needed for supporting the data rate requirement
By min using (5.6) and the required SINR value. Then, each cluster is assigned with
By min/ Bo number of sub-channels and two non-adjacent clusters reuse the same set
of sub-channels to reduce interference. In addition, to highlight the effectiveness of
the distributed control mechanism empowered by MAB, we add another comparison
set denoted by Basic, with centralized spectrum allocation only without distributed
control at relay vehicles. In our experiments, we compare the data rate, reliability,
resource usage ratio, and resource efficiency performances of methods under different

traffic densities.

5.6.2 Data rate performance analysis

First, we analyze the data rate performances as shown in Fig. 5.5. We show the
average data rate performances (plotted in curves and the shaded areas are their
standard deviation) of different schemes under various traffic densities. Here, we only
present the simulation results under high traffic density and low traffic density due to
page limitation. QMAC finds the optimal control strategy by maximizing the resource

efficiency metric while satisfying the QoS requirements. As shown in the red solid line,
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the data rate performance is maintained close to the required values, i.e., 80 Mbps
(indicated by the solid green line), throughout the experiment. It showed higher
variance compared to other approaches due to the existence of distributed power
control. Note that QMAC did not achieve the highest data rate performance because
it aims at reaching the required value with minimum spectrum usage as explained
in Algorithm 10. Basic showed lower data rate performance over time compared
to QMAC as plotted in the orange dash-dotted curve due to the lack of efficient
power control. On the other hand, BBCR generated control strategies by maximizing
the total data rate. Thus, it achieves the highest data rate performance as shown
in the blue dash-dotted curves in Fig. 5.5. The pattern is more obvious under the
low-traffic density scenario where the spectrum is shared by fewer vehicles and the
inter-vehicle distance is larger. Meanwhile, BBCR showed the largest variance among
all approaches as it tends to use the most spectrum resources for data transmission
resulting in high co-channel interference to clusters sharing the same sub-channels. As
for the two baseline approaches, Spatio also showed high data rate performance due to
bandwidth over-provisioning as indicated by the light blue dash-dotted curves. The
Uniform strategy, however, cannot satisfy the data rate requirement under all traffic
densities because each cluster is only assigned a small portion of bandwidth given the
limited spectrum resources. Note that, all strategies especially the comparison group

showed periodic performance changes after each topology update.

5.6.3 Reliability performance analysis

Next, we analyze the reliability performance of all five approaches as shown in Fig. 5.6
and Table 5.3. QMAC guarantees the reliability requirement throughout the exper-
iment under all traffic densities with the help of efficient error control and power
selection. Over time, QMAC selects a suitable power level and error control scheme
via the swap-regret minimization method. An action is selected with probability and
the probability transition matrix is updated after each round. BBRC, Basic, and

Spatio showed similar patterns in different scenarios, i.e., all of them showed periodic
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Figure 5.6: Reliability performance comparison under different traffic densities.

Table 5.3: Reliability Performance Comparison

Scheme High  Medium  Low Sparse
QMAC 99.32% 99.41% 99.5% 99.51%
Basic 97.91% 98.18% 98.43%  98.52%
BBRC 97.58%  97.83% 98.16%  98.5%

Spatio 97.87%  97.94% 97.82% 98.17%
Uniform  99.05%  99.08% 98.85% 99.03%

performance recovery and degradation after each topology update where the control

decision is determined centrally. None of them guaranteed the reliability requirements

although the performance is better under low traffic density due to less channel inter-

ference. The Uniform approach provided the second-best performance as each cluster

was assigned non-overlapping sub-channels which contributes to higher SINR. Ta-

ble 5.3 summarized the average reliability performance of all approaches throughout

the experiments under four different traffic densities. Clearly, QMAC showed the best

performance and guaranteed the 99% reliability requirement.
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5.6.4 Resource efficiency performance analysis

In this experiment, we analyze the resource usage efficiency of different approaches.
We use the efficiency metric defined in (5.12) as a measurement of network utility and
the spectrum occupancy ratio to characterize their performances as shown in Fig. 5.7
and Fig. 5.8, respectively.

We first analyze their occupancy ratio under different traffic densities. We use

number of used sub-channels
total sub-channels

the equation to characterize the spectrum occupancy ratio. As

shown in Fig. 5.7, the Uniform strategy gives the lowest occupancy ratio throughout
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Figure 5.8: Network network utility performance comparison under different traffic
densities.

the experiments as By is equally assigned to each cluster, i.e., the occupancy ratio
remains constant at 1/M. The value decreases over time as more clusters are formed.
Similarly, the Spatio strategy also shows a more constant occupancy ratio as it assigns
a fixed number of sub-channels to each cluster at each topology update. Spatio shows
the second-highest occupancy ratio because the number of sub-channels assigned is
calculated using the minimum applicable SINR value. BBRC shows the highest oc-
cupancy ratio due to its greedy bandwidth assignment strategy. On the other hand,
QMAC and Basic present a lower occupancy ratio, up to 50% in high traffic density
scenario and 60% in low traffic density scenario, compared to the BBRC and Spatio.
This is because both QMAC and Basic continue to reduce the number of sub-channels
after the first-round spectrum allocation. QMAC shows a higher occupancy ratio with
some variations because, with the distributed control mechanism, each relay vehicle
re-evaluates the current control strategy via channel sensing and selects or removes
sub-channels to maintain the QoS requirements.

Furthermore, we compare the network utility gain achieved by the proposed solu-
tion as shown in Fig. 5.8. QMAC and Basic outperform BBRC under different traffic

density scenarios as they satisfy the data rate requirement with fewer spectrum re-
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sources. When the traffic density is high, although QMAC achieves a better network
utility performance in general, Basic performs better under some circumstances. This
is because QMAC used more sub-channels to achieve better SINR to maintain the
reliability performance which is also reflected in other simulation results. For exam-
ple, during the 15 — 25 and 60 — 70 time period, QMAC and Basic achieved similar
data rate performance (QMAC performed slightly better) as shown in Fig. 5.5(a)
but QMAC used more sub-channels as shown in Fig. 5.7. A similar pattern can be

observed in lower traffic density scenarios as shown in Fig. 5.8(b).

5.7 Conclusion

In this chapter, we investigate the resource allocation problem in the advanced V2X
application scenario. We aim to tradeoff between stringent QoS requirements and lim-
ited spectrum resources while addressing the varying channel condition issue caused
by network mobility. In addition, we argue that in the advanced V2X scenario, a
finer granularity usage of network resources is required. Thus, we propose to maxi-
mize resource efficiency by providing just enough resources to the network that can
support the required QoS. To this end, we formulate a resource efficiency optimization
problem and propose an efficient hybrid approach QMAC combining centralized and
distributed control decision-making mechanisms.

Extensive simulations under different traffic densities are conducted to evaluate
the proposed solution. The results show that QMAC achieves promising performances

and outperforms the existing solution.
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Chapter 6

Summary

In this thesis, we address the challenges of supporting stringent QoS requirements
and improving network utility. We first proposed a novel protocol architecture SET
which enables flexible protocol assembling via control function decomposition. A
new concept called protocol control agent (PCA) is introduced in SET to enable in-
network intelligence and enhanced adaptability. PCA leverages cross-layer network
information and collaborations to support QoS requirements and improve resource
efficiency. In addition, we considered the freshness of network information for de-
signing new protocols based on SET architecture. Using the SET architecture as
our design principle, we developed a range of scheduling and routing solutions and
adopted a step-by-step strategy to verify their performances from a less constrained,
wired network setting to a complicated and dynamic vehicular network.

In Chapter 2, we introduced a novel solution called delay-guaranteed scheduling
and routing protocol (DSRP) for wired data networks. DSRP utilizes a distributed,
delay-guaranteed, and congestion-aware network architecture. It employs cross-layer
cooperation between link layer queue management and network layer routing to en-
sure packet-level end-to-end delay. Additionally, we propose a scheduling and routing
algorithm based on renewal optimization, leading to significant improvements in good-
put and network utility compared to existing approaches. In future works, it is worth

investigating how to leverage more control functions such as congestion control and
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active queue management to further improve network efficiency.

In Chapter 3, we introduced a delay-aware selective scheduling policy for downlink
resource scheduling. This policy aims to guarantee the delay requirement of time-
critical packets while optimizing network utility. We formulate a multi-objective
optimization problem and propose a deep reinforcement learning framework to solve
it. The proposed DRL framework shows faster convergence and significant reductions
in average delay and delay outage drop rate. However, some issues in practice, e.g.,
wireless link dynamics, were not considered in the current work. In the future, more
effort will be put into incorporating environmental dynamics to improve the scalability
of our model.

In Chapter 4, we present the QoS-guaranteed Clustering and Routing Protocol
(QCRP) in the vehicular network setting. QCRP utilizes global and local control
agents to provide guaranteed QoS for V2X applications while adapting to network
dynamics. Simulation experiments demonstrate the importance of both global and
local control for maintaining end-to-end QoS performance over time. In future works,
we can further explore how QCRP can be extended to multi-source scenarios and
enable multiple applications with various QoS requirements to be served at the same
time.

In Chapter 5, we focus on the resource allocation problem in vehicular networks
following the same scenario explained in Chapter 4. We proposed a QoS-guaranteed
Medium Access Control (QMAC) protocol which combines centralized spectrum al-
location and distributed power and error control to optimize resource efficiency while
guaranteeing QoS requirements. Extensive simulation experiments validate the effec-
tiveness of QMAC in achieving high resource efficiency under different traffic densi-
ties. However, there are some other issues worth further research. For example, how
QMAC can be improved by leveraging the vacancy spectrum resources. In addition,
the service migration between different cells while not hurting the QoS performance
is also worth exploring.

Overall, in this thesis, we introduced a new perspective of supporting stringent
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QoS requirements and demonstrated the effectiveness of our solution in various net-
work settings. Our work opens up new possibilities for research extensions and ap-

plications.
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Appendix

6.1 Appendix for Chapter 2

Proof Suppose that for a given optimal policy 7*, there exists at least one queue @),

that does not satisfy mean rate stability [97]. Thus we have

=Sl 4, (6.1)

Then there exists a finite value v such that E.«[Q,,(t)] > ot for t > v. Since Q,,(0) = 0,

we can get the following inequality for 7" > v.

E,.[Q? 2 2
; [Qu(t+1) = Qu(1)] = En- [Q (T — 1)] 62)

> (B [Qu(T = 1)]) > 6*(T = 1)*.

Thus we have

lim — ZZE —Qu(t+1) = (Qi(t+1) — QA(t))]

t%ooT

t=0 uelU
< Jim Z]E —Qn(t+1) = (Qi(t+1) — Q2(1))]
1 T—-1
< Jim > [0t — 16T — 1)),

t=0
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It is clear that the right-hand side of the above inequality tends to negative infinity,
which contradicts the assumption in (6.1). Hence, all queues scheduled by an optimal
policy of problem P1 satisfy the mean rate stability, which proves the first point in

Proposition 1.

Let Z,(t) = min[Su(t)iug — Xisysequ o Du(t), Qu(D)] for u € U. By (2.1),

Qut +1) = Qu(t) — Zy(t) + Au(t). (6.3)

According to [99], when all queues scheduled by an optimal policy of problem P1

satisfy the mean rate stability, we have

EDSLH POCIERNIEED
- i3 B30 - 20) o

X (Au(t) = Zu(t) — 2Qu(t))] = 0.

Since @Q,(t),u € U does not diverge, we have

lim ZZE [—Qu(t+1) = (Qut +1) — Q4(1)]

T—o0 T
t=0 uecU

. 1 T-1
= lim — D) B [-Qu(t+1)].

t=0 ueU

Therefore, an optimal policy of problem P2 can minimize the average queue length
while maximizing the average output gain, which proves the second point in Propo-

sition 1.

6.2 Appendix for Chapter 3
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Proof Suppose that for a given optimal policy 7%, there exists at least one queue @),

that does not satisfy mean rate stability [95]. Thus we have

Bl Ly (65)

Then there exists a finite value v such that E.«[Q,,(t)] > ot for t > v. Since Q,(0) = 0,
we can get the following inequality for 7" > v.
T-1
STE QA+ 1) — QX)) = En [Q3(T — 1)
=0
> (B [Qn(T = 1)]) > 6*(T = 1)*.

Thus we have

EEEOT ;Z;E —Qu(t+1) — 1 (Qi(t+1) — Qi(1))]

< lim = ZJE —Qu(t+1) — 1 (QE(t+ 1) — Q3(t))]

T—oo T’
=
: 2 2
< :Ill_I)I;OT ;[—515— 116°(T — 1)7].

It is clear that the right-hand side of the above inequality tends to negative infinity,
which contradicts the assumption in (6.5). Hence, all queues scheduled by an optimal
policy of problem P1 satisfy the mean rate stability, which proves the first point in

Proposition 1.

Let Z,(t) = min[Sy,()fu; — D iz, i€Qut D, (t),Qu(t)] for u € U. By (3.7),

Qult +1) = Qu(t) = Zu(t) + Au(t). (6.7)

According to [99], when all queues scheduled by an optimal policy of problem P1
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satisfy the mean rate stability, we have

lim — ! E, - {Z[Qi(t +1) — Q)]

t—)ooT
uelU
T—-1
_ (6.8)
= tlgglof Eﬂ*Z[(AU(t) — Zu(t))
t=0 uelU

Since @, (t),u € U does not diverge, we have

lim ZZE —Qu(t +1) — (@it +1) — Q4(t))]

T—oo'

t= OuEU
TIEEOTZZE —Qu(t+1)].

t=0 ueU

Therefore, an optimal policy of problem P2 can minimize the average queue length
while maximizing the average output gain, which proves the second point in Propo-

sition 1.

6.3 Appendix for Chapter 4

In a BPSK system, denote F} as the signal energy associated with each bit, and Ny
as the noise power level per hertz. Let v, = E,/Ny, then the BER is given by

= Q(v2%), (6.9)

where the () function is defined as:

Qz) = L /00 e % dr. (6.10)



148

Since Ej /Ny is a normalized form of SNR, it can be represented by

B, B
=5 _SNR- =, 6.11
No fv (6.11)

where B is the channel bandwidth and f; is the channel data rate. The channel model
in (4.2) can be adopted to estimate SNR

P,
SNR = —6d“|h|?. (6.12)
No

Bringing (6.12) and (6.11) into (6.9), we can obtain the mapping between BER and

— — EE —alh|2
BER = f(d) = Q (\/be Tl ) . (6.13)

distance
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