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ABSTRACT

Emerging applications demand stringent quality of services (QoS). Meanwhile, future
networks are featured by ubiquitous mobility. How to meet users’ QoS requirements
in highly mobile environments remains an open issue, which motivates our research
on QoS-oriented multipath transport layer protocol design in mobile networks.

First, multipath transfer is promising in tackling mobility issues for a seamless
handoff. Scheduling packets across multiple paths, however, has the issue of out-of-
order (OFO) arrival due to the heterogeneity of the paths. In this regard, we put
forward a Mobility-Aware Multipath Scheduler (MAMS), ensuring that the reordering
delay of each packet is minimized in various mobility scenarios and thus the QoS is
significantly improved.

Enabling multipath transfer in the Integrated Terrestrial and LEO Satellite Net-
work (ITSN) is promising. However, the existing multipath congestion control algo-
rithms in ITSN suffer from bandwidth under-utilization or overshooting issues due
to the high-speed network movement. Therefore, a novel Mobility-Aware COngestion
control (MACO) algorithm is developed.

As applications are the driving force for protocol design, we investigate the per-
formance of video streaming applications using multipath transfer. Assuming the
QoS requirements of the application are known by the sender, we adopt a lightweight
learning framework, a contextual multi-armed bandit (CMAB), to discover the un-
derlying relationship between dynamic network states and QoS performance, which
can intelligently select access networks and adapt FEC coding to trade off delay,
reliability, and throughput.

Furthermore, 360-degree videos are not only bandwidth-intensive but also highly
sensitive to delays. Ensuring both high video quality and smooth playback experience
remains a critical issue. Therefore, we introduce a QoE-oriented Deadline-driven
(RIDE) algorithm for multipath scheduling at the frame level. RIDE employs a
dependency tree to understand deadlines for different types of frames and considers
the negative impacts of Field of View (FoV) changes on scheduling decisions. Utilizing
an actor-critic framework to train the neural network enables the scheduler agent to
adapt to dynamic environments, including network and FoV dynamics.



iv

Contents

Supervisory Committee ii

Abstract iii

Table of Contents iv

List of Tables viii

List of Figures ix

Acknowledgements xiii

1 Introduction 1
1.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Research Issues . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.3 Research Contributions and Impacts . . . . . . . . . . . . . . . . . . 3

1.3.1 Mobility-Aware Multipath Scheduler for MPQUIC . . . . . . . 3
1.3.2 Mobility-aware Multipath QUIC Congestion Control in LEO

Network . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
1.3.3 QoS-driven Contextual MAB for Multipath Video Streaming in

Mobile Networks . . . . . . . . . . . . . . . . . . . . . . . . . 5
1.3.4 QoE-oriented 360-Degree Video with Multipath Delivery . . . 5

2 MAMS: Mobility-Aware Multipath Scheduler for MPQUIC 6
2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
2.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
2.3 System Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2.3.1 System Overview . . . . . . . . . . . . . . . . . . . . . . . . . 10
2.3.2 MPQUIC Scheduling Model . . . . . . . . . . . . . . . . . . . 11
2.3.3 Reordering Delay Model . . . . . . . . . . . . . . . . . . . . . 13



v

2.3.4 Problem Formulation . . . . . . . . . . . . . . . . . . . . . . . 14
2.4 MMQUIC Framework . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.4.1 Handling Uplink Variation for the Mobile Sender . . . . . . . 16
2.4.2 Handling Downlink Variation for the Mobile Receiver . . . . . 16

2.5 MAMS Scheduler . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
2.5.1 Mobility Error Rate Estimation . . . . . . . . . . . . . . . . . 18
2.5.2 Mobility-aware Markov Model for the Sender . . . . . . . . . . 19
2.5.3 Calculation on qp(∆Tv) . . . . . . . . . . . . . . . . . . . . . . 20
2.5.4 Packet Scheduling Policy Θ . . . . . . . . . . . . . . . . . . . 25
2.5.5 Time Complexity Analysis . . . . . . . . . . . . . . . . . . . . 27

2.6 Performance Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . 28
2.6.1 Prototype Implementation . . . . . . . . . . . . . . . . . . . . 28
2.6.2 Experimental Settings . . . . . . . . . . . . . . . . . . . . . . 29
2.6.3 Model Validation . . . . . . . . . . . . . . . . . . . . . . . . . 31
2.6.4 Results and Analysis . . . . . . . . . . . . . . . . . . . . . . . 32

2.7 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

3 MACO: Mobility-Aware Congestion Control for MMQUIC in Satel-
lite Networks 42
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
3.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

3.2.1 Mobility Management . . . . . . . . . . . . . . . . . . . . . . 45
3.2.2 Multipath-enabled Transport Protocols . . . . . . . . . . . . . 46
3.2.3 Congestion Control Algorithms . . . . . . . . . . . . . . . . . 47

3.3 System Model and Problem Statement . . . . . . . . . . . . . . . . . 48
3.3.1 System Model . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
3.3.2 Problem Statement . . . . . . . . . . . . . . . . . . . . . . . . 49

3.4 BDP-Inspired Quick Start . . . . . . . . . . . . . . . . . . . . . . . . 51
3.4.1 BDP Estimation in ITSN . . . . . . . . . . . . . . . . . . . . 52
3.4.2 QS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

3.5 Mobility-Aware MPQUIC Congestion Avoidance . . . . . . . . . . . . 59
3.5.1 Mobility-Aware Factor Design . . . . . . . . . . . . . . . . . . 59
3.5.2 CA Design . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60
3.5.3 Time complexity analysis . . . . . . . . . . . . . . . . . . . . . 62

3.6 Performance Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . 62



vi

3.6.1 Prototype Implementation . . . . . . . . . . . . . . . . . . . . 63
3.6.2 Experimental Scenario and Settings . . . . . . . . . . . . . . . 64
3.6.3 Experimental Results . . . . . . . . . . . . . . . . . . . . . . . 65

3.7 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

4 QoS-driven Contextual MAB for Multipath Video Streaming in
Mobile Networks 73
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73
4.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75
4.3 System Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

4.3.1 Wireless Access Network Model . . . . . . . . . . . . . . . . . 78
4.3.2 Multipath Transmission Model . . . . . . . . . . . . . . . . . 78
4.3.3 Multipath FEC Model . . . . . . . . . . . . . . . . . . . . . . 79
4.3.4 Video Quality Model . . . . . . . . . . . . . . . . . . . . . . . 79
4.3.5 Problem Formulation . . . . . . . . . . . . . . . . . . . . . . . 82

4.4 QC-MAB for Multipath Video Streaming . . . . . . . . . . . . . . . . 83
4.4.1 Context Refinement (CR) . . . . . . . . . . . . . . . . . . . . 83
4.4.2 QoS-Driven Arms Design . . . . . . . . . . . . . . . . . . . . . 87
4.4.3 QoS-Driven Rewards Design . . . . . . . . . . . . . . . . . . . 88
4.4.4 Contextual Bandit Problem . . . . . . . . . . . . . . . . . . . 88
4.4.5 UCB Solution . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

4.5 Evaluations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91
4.5.1 Evaluation Methodology . . . . . . . . . . . . . . . . . . . . . 91
4.5.2 User Movement in Ultra-Dense Networks . . . . . . . . . . . . 93
4.5.3 When Backbone Networks Become Bottlenecks . . . . . . . . 97
4.5.4 Impact of Background Traffic in Backbone Networks . . . . . 99

4.6 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101

5 Tile Scheduling Across Multiple Paths for Smooth Interactive 360-
degree Video Streaming 102
5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 102
5.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104

5.2.1 General Multipath Scheduler . . . . . . . . . . . . . . . . . . . 105
5.2.2 Multipath Scheduler for Video Streaming . . . . . . . . . . . . 105

5.3 System Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106



vii

5.3.1 360-Degree Video Model . . . . . . . . . . . . . . . . . . . . . 106
5.3.2 Frame Transmission Model . . . . . . . . . . . . . . . . . . . . 107
5.3.3 Video Decoding Model . . . . . . . . . . . . . . . . . . . . . . 109
5.3.4 QoE Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110
5.3.5 Problem Formulation . . . . . . . . . . . . . . . . . . . . . . . 110

5.4 Our Proposal . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111
5.4.1 Markov Decision Process . . . . . . . . . . . . . . . . . . . . . 111
5.4.2 State Space . . . . . . . . . . . . . . . . . . . . . . . . . . . . 112
5.4.3 Action Space . . . . . . . . . . . . . . . . . . . . . . . . . . . 116
5.4.4 Reward Design . . . . . . . . . . . . . . . . . . . . . . . . . . 116
5.4.5 The Actor-Critic Architecture . . . . . . . . . . . . . . . . . . 119

5.5 Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119
5.5.1 Settings . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120
5.5.2 Numerical Results . . . . . . . . . . . . . . . . . . . . . . . . 121

5.6 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127

6 Conclusion 128

Bibliography 130



viii

List of Tables

Table 2.1 The main notations and definitions. . . . . . . . . . . . . . . . . 12
Table 2.2 The settings of a and b with different sub-states . . . . . . . . . 24
Table 2.3 Satellite simulation parameters . . . . . . . . . . . . . . . . . . . 30

Table 3.1 The main notations and definitions . . . . . . . . . . . . . . . . 48
Table 3.2 The setting for parameters in (3.2) and (3.3) . . . . . . . . . . . 65

Table 4.1 Context space design . . . . . . . . . . . . . . . . . . . . . . . . 84

Table 5.1 The skipping action for I/B/P frames . . . . . . . . . . . . . . . 126



ix

List of Figures

Figure 2.1 The behavior of MPQUIC in mobile networks. . . . . . . . . . . 11
Figure 2.2 Overview of the MMQUIC architecture. . . . . . . . . . . . . . 15
Figure 2.3 MMQUIC ACK packet structure. . . . . . . . . . . . . . . . . . 16
Figure 2.4 State transition diagram of MMQUIC subflow. . . . . . . . . . 19
Figure 2.5 Cross-layer architectural blueprint. . . . . . . . . . . . . . . . . 28
Figure 2.6 Mobile scenarios. . . . . . . . . . . . . . . . . . . . . . . . . . . 29

(a) Highway . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29
(b) Urban . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29
(c) ITSN . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

Figure 2.7 The estimation model accuracy validation in the mobile uplink
case. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

(a) LATE . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32
(b) MAMS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

Figure 2.8 The estimation model accuracy validation in the mobile downlink
case. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

(a) LATE . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
(b) MMQUIC-v1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
(c) MAMS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

Figure 2.9 The instantaneous goodput over time observed at the receiver
when the sender is in motion. . . . . . . . . . . . . . . . . . . 34

(a) MH moves at 20 m/s . . . . . . . . . . . . . . . . . . . . . . . . 34
(b) MH moves at 40 m/s . . . . . . . . . . . . . . . . . . . . . . . . 34

Figure 2.10Associated CDF of per-packet delivery time with different mov-
ing speeds. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

(a) MH moves at 20 m/s . . . . . . . . . . . . . . . . . . . . . . . . 34
(b) MH moves at 40 m/s . . . . . . . . . . . . . . . . . . . . . . . . 34

Figure 2.11The instantaneous goodput over time observed at the receiver
when the receiver is in motion in Highway scenario. . . . . . . 36



x

(a) MH moves at 20 m/s . . . . . . . . . . . . . . . . . . . . . . . . 36
(b) MH moves at 40 m/s . . . . . . . . . . . . . . . . . . . . . . . . 36

Figure 2.12Associated CDF of per-packet delivery time with different mov-
ing speeds. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

(a) MH moves at 20 m/s . . . . . . . . . . . . . . . . . . . . . . . . 36
(b) MH moves at 40 m/s . . . . . . . . . . . . . . . . . . . . . . . . 36

Figure 2.13The impact of varied moving speed in the Urban scenario. . . . 37
(a) The goodput vs speed . . . . . . . . . . . . . . . . . . . . . . . 37
(b) The reordering delay vs speed . . . . . . . . . . . . . . . . . . . 37

Figure 2.14The instantaneous goodput measured at the receiver in ITSN

scenario. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
(a) Satellites move at 7 Km/s . . . . . . . . . . . . . . . . . . . . . 38
(b) Satellites move at 7.5 Km/s . . . . . . . . . . . . . . . . . . . . 38

Figure 2.15Associated CDF of per-packet delivery time with different mov-
ing speeds. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

(a) Satellites move at 7 Km/s . . . . . . . . . . . . . . . . . . . . . 38
(b) Satellites move at 7.5 Km/s . . . . . . . . . . . . . . . . . . . . 38

Figure 2.16Per-packet delivery delay distribution when a video client re-
quests the video data as encoded in [103]. . . . . . . . . . . . . 39

Figure 2.17The impact of a different number of paths. . . . . . . . . . . . . 41
(a) The impact on reordering delay . . . . . . . . . . . . . . . . . . 41
(b) The impact on throughput . . . . . . . . . . . . . . . . . . . . . 41

Figure 3.1 Walker-type satellite constellation [87]. . . . . . . . . . . . . . . 43
Figure 3.2 MPQUIC-supported ITSN network architecture. . . . . . . . . 49
Figure 3.3 A topological breakdown over time. . . . . . . . . . . . . . . . . 50
Figure 3.4 Measurements over Starlink LEO networks. . . . . . . . . . . . 53

(a) Throughput changes over time . . . . . . . . . . . . . . . . . . . 53
(b) The CDF of ping time with a subflow . . . . . . . . . . . . . . . 53
(c) The drop rate distributions over time . . . . . . . . . . . . . . . 53

Figure 3.5 Window growth model of MACO. . . . . . . . . . . . . . . . . . 60
Figure 3.6 Simulation topology. . . . . . . . . . . . . . . . . . . . . . . . 63
Figure 3.7 Cross-layer architectural blueprint. . . . . . . . . . . . . . . . . 64
Figure 3.8 The cwnd adaptation of different algorithms over time. . . . . . 66

(a) The pacing rate adaptation of BBR . . . . . . . . . . . . . . . . 66



xi

(b) cwnd of OLIA . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66
(c) cwnd of MACO . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

Figure 3.9 Throughput performance of each algorithm when processing QUIC
traffic in the presence of TCP background traffic controlled by
NewReno: (a) BBR, (b) OLIA, (c) MACO. . . . . . . . . . . . 67

(a) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67
(b) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67
(c) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

Figure 3.10The CDF of E2E packet delay. . . . . . . . . . . . . . . . . . . 67
Figure 3.11Convergence analysis when background traffic exists. . . . . . . 69

(a) SS duration . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69
(b) CA duration . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

Figure 3.12The impact of link bandwidth on the completion time at varying
satellite density. . . . . . . . . . . . . . . . . . . . . . . . . . . 69

Figure 3.13The impact of propagation delay on the completion time at vary-
ing satellite density. . . . . . . . . . . . . . . . . . . . . . . . . 70

Figure 4.1 Overview of multipath video transmission in mobile networks. . 78
Figure 4.2 QC-MAB framework. . . . . . . . . . . . . . . . . . . . . . . . 83
Figure 4.3 Illustration of context space partition and the context set ID

identification. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90
Figure 4.4 Experimental topologies. . . . . . . . . . . . . . . . . . . . . . . 92

(a) Experimental topology 1 . . . . . . . . . . . . . . . . . . . . . . 92
(b) Experimental topology 2 . . . . . . . . . . . . . . . . . . . . . . 92

Figure 4.5 QoS performance when the access networks or user is in motion. 94
(a) Video IR . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94
(b) Mean video quality . . . . . . . . . . . . . . . . . . . . . . . . . 94
(c) E2E delay CDF . . . . . . . . . . . . . . . . . . . . . . . . . . . 94
(d) Aggregated goodput . . . . . . . . . . . . . . . . . . . . . . . . 94

Figure 4.6 The mean reward value over time. . . . . . . . . . . . . . . . . 97
Figure 4.7 The effectiveness of the CR component. . . . . . . . . . . . . . 97
Figure 4.8 IR performance under the varied density of network coverage. . 98
Figure 4.9 QoS performance when the backbone network and access net-

works are relatively stable. . . . . . . . . . . . . . . . . . . . . . 99
(a) Video IR . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99



xii

(b) Mean video quality . . . . . . . . . . . . . . . . . . . . . . . . . 99
(c) E2E delay CDF . . . . . . . . . . . . . . . . . . . . . . . . . . . 99
(d) Aggregated goodput . . . . . . . . . . . . . . . . . . . . . . . . 99

Figure 4.10QoS performance when the backbone network experiences large
variations and becomes the bottleneck. . . . . . . . . . . . . . . 100

(a) Video IR . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100
(b) Mean video quality . . . . . . . . . . . . . . . . . . . . . . . . . 100
(c) E2E delay CDF . . . . . . . . . . . . . . . . . . . . . . . . . . . 100
(d) Aggregated goodput . . . . . . . . . . . . . . . . . . . . . . . . 100

Figure 5.1 Tile-based adaptive streaming for 360-degree video. . . . . . . . 107
Figure 5.2 A typical MPEG frame sequence. . . . . . . . . . . . . . . . . . 109
Figure 5.3 The RIDE framework. . . . . . . . . . . . . . . . . . . . . . . . 111
Figure 5.4 Decoding dependency tree. . . . . . . . . . . . . . . . . . . . . 113
Figure 5.5 An FoV change example: the user’s viewpoint switches back and

forth between tiles 1 and 2 over time. . . . . . . . . . . . . . . . 114
Figure 5.6 Frame decoded time vs QoE performance: (a) being decoded

earlier than its playback time; (b) in the middle of the playback
duration; (c) missing the playback time itself but helping the
subsequent frames decode; (d) being decoded too late to enhance
the QoE. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117

Figure 5.7 The cumulative reward on each episode. . . . . . . . . . . . . . 122
Figure 5.8 The viewing bitrate. The data counts the successfully decoded

frames per second. . . . . . . . . . . . . . . . . . . . . . . . . . 123
Figure 5.9 Throughput performance. The data counts the arriving data per

second regardless of whether it has been decoded. . . . . . . . . 123
Figure 5.10CDF of rebuffering time for different types of frames. . . . . . . 124

(a) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 124
(b) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 124
(c) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 124

Figure 5.11CDF of frame delay. . . . . . . . . . . . . . . . . . . . . . . . . 126



xiii

ACKNOWLEDGEMENTS

First, I would like to express my deepest gratitude to my supervisor, Professor Lin Cai,
for her continuous support and guidance throughout my PhD program. Prof. Cai is
an outstanding and influential scholar in the field of Communication and Networking.
She introduced me to various research areas and granted me the freedom to choose
topics that aligned with my interests. This led me to focus on intelligent network
protocols and multimedia systems. Every time I am stuck with hard problems, she
can always give inspiring suggestions to help me out. Whenever I am satisfied with
my outcome, she tries to challenge me from a different perspective to motivate me to
think deeper and wider. Prof. Cai dedicates much of her life to mentoring students, as
evidenced by her weekly individual meetings with each student, despite her numerous
other commitments. I could not have imagined having a better PhD supervisor.

I would also like to extend my thanks to my supervisory committee members:
Professor Amirali Baniasadi and Professor Kui Wu, and the external examiner Pro-
fessor Mohamed Hefeeda. Prof. Amirali raised many interesting questions in my
candidacy exam, which shaped my final thesis. I audited one of Prof. Kui’s courses,
that is, computer networks. The theory learned from that course has been and will
continue to be integral to my research. Prof. Mohamed’s impactful papers on video
streaming inspired the work presented in Chapters 4 and 5 of this dissertation. This
dissertation would not have been possible without their contributions.

Additionally, I would like to thank Professor Jianping Pan, who has acted as my
co-supervisor and beyond. He has supported me in all aspects of my research, life,
and career, directing me to the right path. His many wise sentences such as "fail to
plan is plan to fail", have served as my motto and subtly influenced my behavior.
His constant smile and positive attitude equip me with power and confidence during
challenging times.

I am also grateful to my former research advisor, Professor Pingping Dong, for
her guidance during my master’s studies at Hunan Normal University, China. Her
encouragement sparked my enthusiasm for research and motivated me to pursue a
PhD. Thanks to her connections, I got a chance to be connected to my current PhD
supervisor, Prof. Cai. Without Prof. Dong’s favor, none of the wonderful experiences
of my PhD journey would have been possible.

My lab fellows are both my close friends and amazing research collaborators. We
shared many unforgettable moments, which brought joy to my days and motivated



xiv

me to move forward.
I would also like to thank all the staff members in the Department of Electrical

and Computer Engineering at the University of Victoria. Their support has been
invaluable to my PhD journey.

Last but not least, I would like to thank all my family members including but not
limited to my loving and caring wife Li, my little adorable daughter Ellie, my parents,
my parents-in-law, and my sister. Because of them, I am full of love, joy, and energy,
which drives me to finish my PhD program.



Chapter 1

Introduction

1.1 Background

Emerging applications like holographic communication and digital twins require strin-
gent quality of service (QoS) parameters that surpass the capacity of 5G networks.
For example, latency requirements shift from tens of milliseconds to sub-millisecond
levels, and throughput escalates to tens of terabits per second. On the other hand,
future networks are expected to offer ubiquitous global coverage [15, 136], utilizing
a range of access technologies such as satellite networks, unmanned aerial vehicle
(UAV) swarms, and terrestrial networks (e.g., LTE, and WiFi). The handoff events
occur as frequently as every few seconds, posing challenges for maintaining connection
continuity.

In dealing with the more stringent requirements and challenges of mobility in
future networks, multipath transport-layer protocols are feasible and desirable. By
maintaining multiple connections simultaneously for communication, the aggregated
throughput will be improved, and the connections will be more resilient to link fail-
ures.

Nevertheless, enabling multipath transmission to provide the user with satisfactory
QoS in mobile networks is still challenging, motivating our study in this dissertation.

1.2 Research Issues

In this dissertation, we have studied the following research issues:

1. Out-of-order (OFO) issues with multipath scheduling: When scheduling
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packets onto multiple paths, the issue of OFO arrivals at the multihomed sink
node is prevalent and problematic due to the heterogeneity of the paths [42,119,
131,154,157,164], which is detrimental to user’s quality of experience (QoE). In
the presence of mobility, wireless link characteristics undergo a fast change over
time, packet losses may arise from either the handoff procedures when signal
strength is too weak on an access link, or from overflow dropping due to link data
rate reduction or congestion [166]. Different types of loss events and dynamic
loss rates in a mobile scenario conflict with the assumption of a stationary
packet loss process in the existing schedulers. Therefore, the OFO issue is more
severe and challenging in mobile networks. It is worthwhile to investigate how
to offset the negative impacts of mobility and make more intelligent multipath
scheduling decisions so that the application-level throughput (i.e., goodput) can
be enhanced.

2. Multipath congestion control over Integrated Terrestrial and Satel-
lite Networks (ITSN): The ITSN is characterized by high bandwidth-delay-
product (BDP) and high-speed movement. In this case, existing congestion
control algorithms would suffer from bandwidth underutilization or overshoot-
ing issues due to the unawareness of the fast-changing conditions of ground-to-
satellite uplinks and satellite-to-ground downlinks. Under interference such as
handovers and atmospheric factors, the congestion signals cannot be accurately
identified, resulting in unnecessary congestion window (cwnd) reduction and
consequent throughput degradation. Therefore, how to devise the multipath
congestion control for the emerging mobile scenario is crucial.

3. QoS guarantee for video streaming in mobile networks: Video applica-
tions require high reliability in delivering the most significant video data within
tight deadlines to avoid playback interruptions. Many uncertain factors cause
the randomness of the QoS metrics w.r.t. delay, reliability, and throughput.
For instance, the traffic load of each access point is dynamic, the received signal
depends on the time-varying distances of the access links, the random conges-
tion at the network side may trigger uncertain queuing delays, etc. To cope
with these uncertainties, many existing designs leveraged learning-based ap-
proaches to discover the dependencies between the network environments and
QoS performance and make intelligent decisions. However, video streaming has
stringent delay requirements and a high volume of data, so control decisions
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must be made at ms-level. Many learning-based algorithms take a long time
to converge in response to the abrupt changes in link conditions, so they are
too slow or too costly to meet the stringent QoS requirements. Therefore, how
to ensure stringent QoS requirements for multipath video streaming in mobile
networks is an open issue.

4. QoE provisioning for 360 video streaming: When it comes to video
streaming, 360◦ video streaming has fueled many interests in the research com-
munity since it can provide users with an immersive pleasant experience. How-
ever, such challenges as vast bandwidth consumption and rebuffering-time sen-
sitivity are encountered. The existing solutions either fail to predict the field-
of-view (FoV) accurately or suffer from a long rebuffering time. Therefore, how
to give the core video tiles the highest priority to deliver to save bandwidth and
reduce rebuffering time inspires us to come up with a new approach to improve
the QoE of 360 video users.

1.3 Research Contributions and Impacts

In response to the above research issues, our major contributions and impacts are
summarized in the following subsections.

1.3.1 Mobility-Aware Multipath Scheduler for MPQUIC

In Chapter 2, we strive for dealing with the dilemma of Protocol architecture
and OFO issue with multipath scheduling. First, we design a mobility-aware
multipath QUIC (MMQUIC) protocol architecture, which utilizes multiple connection
IDs (CIDs) to maintain an always-on connection in mobile environments and enables
the transport layer agent to obtain uplink variations when the sender is in motion.
For the case that the mobile user is a receiver, MMQUIC redesigns the ACK packet
structure so that the sender on the other end can be informed of downlink variation
caused by the movement of the receiver or the access network.

On top of MMQUIC, we develop the Mobility-Aware Multipath Scheduler (MAMS)
for goodput enhancement. Being aware of link variations, MAMS can better estimate
error rate, and retransmission delay, as well as the capacity of bottleneck links. Then,
MAMS uses a probabilistic model to estimate the expected throughput of each path
under the impact of mobility and allocates a certain amount of packets accordingly
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to multiple paths, ensuring that the reordering delay of each packet is minimized in
various mobility scenarios.

Research impact: To our best knowledge, this work is the first attempt to com-
prehensively study the negative impacts of mobility (considering both end-user and
network mobility) on multipath scheduling and formulate the reordering delay in mo-
bile environments as a minimization problem. In this work, we simply tag the packet
with its sequence number and ensure the smaller the sequence number the sooner
the packet arrives. In reality, it is feasible to extend our design to more sophisti-
cated cases, say, tag the packet with its significance, ensuring the more significant the
packet the sooner it arrives. Therefore, it would be promising to apply our design
to many fields, such as communications in disaster areas where the data has distin-
guished urgency levels. Along with the theoretical analysis, we have developed an
MPQUIC module based on network simulator 3 (ns-3), which has been published on
the workshop in ns-3 (wns3). Even though the research on MPQUIC has flourished,
to our best knowledge, this is the first ns-3 based MPQUIC project that is open to the
public, so it will facilitate the development of MPQUIC in 6G network scenarios.

1.3.2 Mobility-aware Multipath QUIC Congestion Control in

LEO Network

In Chapter 3, we are motivated to develop a novel Mobility-Aware COngestion control
(MACO) algorithm. MACO first leverages the regularity of LEO network topology
and high correlation among multiple paths to forecast the real-time path Bandwidth
Delay Product (BDP) on each path and then designs a new quick start algorithm, in
which the initial congestion window (cwnd) is set to a large yet safe value based on
the path BDP, largely shortening the duration of network probing time. Based on
estimated BDP, MACO introduces a new mechanism to detect the congestion event,
avoiding unnecessary cwnd deduction.

Research impact: This work solves three challenges in the Integrated Terrestrial
and LEO Satellite Network (ITSN): bandwidth underutilization, inaccurate conges-
tion signal, and unsatisfactory responsiveness. This congestion control design is also
applicable to other emerging highly mobile systems such as unmanned aerial vehi-
cle (UAV) networks or other networks where the bottleneck BDP suffers from large
fluctuations.



5

1.3.3 QoS-driven Contextual MAB for Multipath Video Stream-

ing in Mobile Networks

In Chapter 4, we design a QoS-driven contextual MAB (QC-MAB) algorithm for
MPQUIC to support video streaming in mobile networks. To improve learning effi-
ciency, QC-MAB identifies the most relevant features that affect QoS requirements
and then incorporates them into context space. Each arm of QC-MAB is composed of
two actions: access network selection and forward error correction (FEC) configura-
tion. Selecting a reliable access network can effectively mitigate the negative impact
of mobility on QoS, and whether a packet-level FEC is enabled or not depends on
the reliability and delay requirements, as well as the bottleneck bandwidth, delay,
and loss rate of each path. Finally, the reward function of QC-MAB is closely related
to the pre-defined QoS requirements. The QC-MAB learning agent performs the
Upper Confidence Bound (UCB) algorithm to solve the exploration vs. exploitation
dilemma, taking reasonable actions to ensure video service requirements.

Research impact: Fulfilling a deterministic QoS guaranteeing (e.g., never more
than 1 µs of packet delay across a network) is generally hard in highly dynamic
systems, while we shed light on how to render a statistical QoS guarantee (e.g.,
guaranteeing less than 0.001% packet overdue) for video streaming in ultra-dense
mobile networks.

1.3.4 QoE-oriented 360-Degree Video with Multipath Deliv-

ery

In Chapter 5, we further investigate how to improve the QoE performance for real-time
360-degree video streaming. In this work, we propose a QoE-oRIented DEadline-
driven (RIDE) 360-degree video streaming with MPQUIC. RIDE solves three key
challenges: 1) Interactive streaming has a precise frame deadline, 2) The deadline
for different frames is different, and 3) The FoV changes in 360-degree video make
the scheduling more complicated. By utilizing an actor-critic framework to train the
neural network, RIDE enables the scheduler agent to adapt to dynamic environments,
so that achieving high frame quality without causing serious rebuffering issues.

Research impact: Our research on 360-degree video streaming has very broad
and promising use cases including immersive gaming, remote health care, online ed-
ucation, etc.
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Chapter 2

MAMS: Mobility-Aware Multipath
Scheduler for MPQUIC

In this chapter, we investigate the mobility challenges and opportunities. To address
mobility challenges, we take advantage of the robustness of multipath delivery and put
forward a mobility-aware multipath QUIC (MMQUIC) transport protocol. Packet
scheduling and congestion control are two fundamental elements for the MMQUIC,
while the existing multipath scheduling and congestion control algorithms are unde-
sirable for futuristic applications with stringent QoS requirements in mobile scenarios.
Therefore, in this chapter, we investigate the multipath scheduling design to mini-
mize the negative effects of mobility and maximize user’s QoE. The congestion control
design for MMQUIC will be studied in Chapter 3.

2.1 Introduction

The next-generation cellular networks are envisioned to provide ubiquitous commu-
nication coverage around the world [136]. End users can leverage various access net-
works, such as unmanned aerial vehicle (UAV) swarms and dense terrestrial networks
(e.g., LTE and WiFi). On the other hand, not only end-users are mobile, but also
even backbones (e.g., satellite networks) and access networks (e.g., UAV) could also
be mobile, which leads to frequent handoffs and possible connection breakages [54,81].
In this case, multihoming technologies, such as multipath TCP (MPTCP) [77] and
multipath QUIC (MPQUIC) [32], have a great potential to support seamless connec-
tivity migration without interruption [66,107].
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However, different paths may have drastically different characteristics. When
scheduling packets onto multiple paths, the issue of out-of-order (OFO) arrivals at
the multihomed sink node is prevalent and problematic [42, 119, 131, 154, 157, 164].
Even though the sink node may use a large buffer to store the OFO packets, the OFO
arrivals will delay the packet acknowledgment and consequently degrade the sending
rate at the sender. A stable goodput, that is, the amount of in-order packets received
at the transport layer per time unit, is preferable for many applications, e.g., web
browsing, video streaming, gaming, and other delay-sensitive applications.

To deal with the OFO issue, state-of-the-art multipath schedulers, e.g., BLEST [42],
DAPS [119], and OTIAS [157], applied the idea of Earliest Delivery Path First
(EDPF) [21]. Specifically, they try to estimate the arrival time on each path in
the successive time slots by obtaining path characteristics such as propagation de-
lay, queuing delay, and congestion window (cwnd) from acknowledgments (ACKs).
Then, the packet with the smallest sequence number is placed on the path with the
earliest arrival time so that packets can arrive in sequence. Their estimation models
cannot cover the scenarios with complicated packet loss events. Inspired by that, DP-
SAF [154] developed a loss-based throughput estimation model in conjunction with
a SACK feedback detection mechanism, mitigating the OFO issue in lossy heteroge-
neous networks. Considering retransmission timeout (RTO), LATE [164] redesigned
a more comprehensive transmission model to estimate the expected throughput on
each path and schedule packets accordingly. However, in the mobile environment,
the above schedulers fail to cope with the challenges raised by the user or network
mobility. For instance, packet losses may arise from either handoff procedures when
signal strength is too weak on an access link, or from overflow dropping when a link
data rate reduction causes the access link to be congested [166]. The presence of
different types of loss events and dynamic loss rates in a mobile scenario conflicts
with the assumption of a stationary packet loss process in the existing schedulers.

By extending our previous work [159] to address more challenging cases, i.e.,
both uplinks and downlinks are affected by mobility, we propose a Mobility-Aware
Multipath Scheduler (MAMS) for MPQUIC. The main contributions of this work are
three-fold:

• We present a novel mobility-aware multipath QUIC (MMQUIC) framework,
which allows the transport layer agent to obtain uplink variations when the
sender is in motion. In the case that the mobile user is a receiver, MMQUIC
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redesigns the ACK packet so that the sender on the other end can be informed
about downlink variation caused by the mobility of the receiver or the access
network.

• On top of MMQUIC, we develop the MAMS scheduler for goodput enhance-
ment. Being aware of link variations, MAMS can better estimate error rate, and
retransmission delay, as well as the capacity of bottleneck links. Then, MAMS
uses a probabilistic model to estimate the expected throughput of each path
under the impact of mobility. After that, it makes an intelligent scheduling
decision accordingly to enhance the quality of services.

• We implement the MMQUIC framework and associated MAMS scheduler by
extending the QUIC code [6] in network simulator 3 (ns-3). Through exten-
sive experiments and performance comparisons, the proposed MAMS achieves
substantial performance gains in terms of goodput and packet delivery delay
compared to the state-of-the-art schemes.

2.2 Related Work

A well-studied multipath transport protocol that provides in-order delivery services
is MPTCP. It is adopted in the Access Traffic Steering, Switching, and Splitting
(ATSSS) [125] architecture by the 3rd Generation Partnership Project (3GPP) for
ensuring seamless handoff. CMT-SCTP is a stream-aware multipath transport pro-
tocol that can utilize information about each sub-stream to make better scheduling
or congestion control decisions, as opposed to MPTCP which makes decisions for
each connection [74]. With the ever-increasing demands for stringent QoS guaran-
tees, a novel streaming-aware multipath transport protocol MPQUIC was proposed.
Compared to MPTCP, MPQUIC is more desirable in mobile environments for two rea-
sons: First, MPQUIC spends 1 RTT to initialize a subflow if the subflow has never
been established before, or 0 RTT otherwise. In the event of a handover failure,
MPQUIC would consume 0 RTT to restore the disconnected subflow. Furthermore,
each MPQUIC connection is associated with a 64-bit connection ID (CID) instead
of a four-tuple set [166]. Thus even if the address and/or port are changed due to
mobility, the connection remains active.

For multipath transmission protocols, the reordering issue has been an active
research topic with three categories of approaches: congestion control, path scheduling
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design, and forward error correction (FEC) based multipath techniques.
Congestion control for multipath protocols aims to adjust the sending rate across

multiple paths to minimize the reordering delay at the receiver and improve the
goodput. Authors in [176] observed that the goodput is near optimal when the end-
to-end delays of two transmission paths are very close. Hence, they proposed a cwnd
adaptation algorithm for the MPTCP source (CWA-MPTCP), which dynamically
adjusts the cwnd according to the ratio of the maximum path delay over the minimum
path delay, to mitigate the variation of end-to-end path delay. Pokhrel [110] took
into account the loss and delay characteristics of the routes, and then employed a
queueing-theoretic approach to proving the relationship between the queue size and
reordering delay, which can be the guidance for sending rate adjustment. Recently,
DEFT [82] formulated the reordering issue as an optimization problem and proved
that the reordering delay is minimized if the equilibrium round-trip-time (RTT) of
all paths is equalized, which aligns with the principle of the former designs. However,
equalizing the RTT of all paths is hard to achieve in practice due to random events,
e.g., link failures, and packet retransmission, etc.

In the context of packet scheduling, the Earliest Delivery Path First (EDPF) [21]
has served as the baseline. Considering path characteristics such as propagation
delay, queuing delay, and cwnd, EDPF predicts the arrival time over each path and
then selects the path with the earliest arrival time to deliver the packets with the
smallest sequence number, ensuring packets arrive in sequence. Delay-Aware Packet
Scheduler (DAPS) [119], OTIAS [157], BLEST [43], and STTF [65] fall into the
EDPF category. They suffer from performance degradation in highly lossy networks
as they fail to consider retransmission delay in their arrival time estimation model.
Therefore, EDPF variants, e.g., DPSAF [154] and LATE [164] were proposed. DPSAF
stresses the importance of packet loss in estimating packet arrival time over each path
especially when the delay of paths has a large difference. Its loss-based throughput
estimation model in conjunction with SACK feedback detection can mitigate the
OFO issue. DPSAF considers only two cases: no packet loss and fast retransmission,
and it does not consider RTO. As observed by J. Padhye et al. [105], there were
more timeout events than fast retransmit events in almost all of their experimental
traces, and the majority of window decreases are due to time-outs, rather than fast
retransmits. On the other hand, DPSAF chooses the maximum probability of different
cases to conduct the estimation, which cannot appropriately show the expected value
of throughput within a certain period. To compensate for the limitation of DPSAF,
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LATE redesigned the transmission model in which the situations of fast retransmission
and RTO are comprehensively discussed. Then it uses a probabilistic approach to
estimate the expected throughput on each path and schedules packets out of order
accordingly, further improving the estimation accuracy and goodput in lossy networks.
However, it mainly focuses on the goodput improvement by minimizing the reordering
delay without consideration of the throughput maximization.

In addition to applying Automatic Repeat reQuest (ARQ) to improve reliability,
FEC-based multipath approaches precode enough information in redundant packets
to decode the lost packets with high probability without the need to wait for retrans-
missions. For instance, a Reed-Solomon (RS) code is employed in ADMIT [143], a
rateless Raptor code in FMTCP [28], and a systematic random linear code in SC-
MPTCP [84]. These works demonstrated that FEC is well suited to maximizing the
aggregated goodput across multiple paths. The closest work to our focus on the OFO
issue is Stochastic Earliest Delivery Path First (SEDPF) which uses the streaming
code [76] to encode the data to reduce the in-order delivery delay. However, these
approaches come at the cost of bandwidth, which is not desirable for some throughput-
intensive applications in the mobile environment where the bandwidth fluctuates over
time.

Overall, in the mobile environment, it is hard for the above to cope with changes
in the wireless link condition due to mobility, leading to the prediction errors w.r.t.
cwnd or packet arrival time: it is because conventional layered architecture does not
well support inter-layer interactions. To the best of our knowledge, there is no existing
solution to address the multipath OFO issue considering the link variations due to
mobility, which motivates this work.

2.3 System Model

2.3.1 System Overview

Consider a scenario in which access points (APs) and base stations (BSs) are densely
distributed over a certain area, as shown in Fig. 2.1, involving various types of
communication technologies, such as WiFi and cellular. A mobile host (MH) with
P interfaces is communicating with a correspondent node (CN) via APs/BSs and
the Internet core network. Since MH is MPQUIC-enabled, P MPQUIC connections
(a.k.a. subflows or paths) can be established between MH and CN. Within a short
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Figure 2.1: The behavior of MPQUIC in mobile networks.

period of time, MH moves along a straight line at a constant speed towards the same
direction. Ra(t) and Rb(t) represent the Euclidean distance between the MH and its
connected AP and BS, respectively, in real time. Service outages would occur once the
Ri(t), i ∈ {a, b}, exceeds the maximum coverage distance of the AP/BS. Thus, when
an access link’s received signal-to-noise ratio (SNR) falls below a certain threshold
σi, the associated subflow has to hand off from the current AP/BS to another. Given
these network settings, we present the MPQUIC scheduling model, reordering delay
model, and problem statement. The main notations used throughout this chapter are
listed in Table 2.1.

2.3.2 MPQUIC Scheduling Model

The streaming service request coming from the CN node contains a set of packets,
denoted by K = {1, . . . , K}1. Let M = {1, . . . ,M} be the set of available MPQUIC
paths. Denote by wm and τm the congestion window and RTT on path m, respec-
tively. To respond to the request, the scheduling policy Π running at the MPQUIC
source has two responsibilities: First, it selects the path subset P out ofM for data
dissemination, i.e., P ⊆ M. Second, the scheduler makes the decisions about which
packets are scheduled onto path p ∈ P when the path has an available window. The
decisions can be denoted by Θ = ⟨θ1, . . . ,θp, . . . ,θP ⟩ where θp represents a set of
packet numbers assigned to path p. Therefore, Π can be characterized by a 2-tuple
of ⟨P ,Θ⟩.

1MPQUIC has two levels of schedulers: stream scheduler and packet scheduler [132]. The former
is to make decisions for each stream, e.g., the priority of each stream, while the latter is to assign
packets of the selected streams to available paths. In this work, we adopt the packet scheduling
model, so we map a service request that might consist of multiple resource streams (e.g., CSS, video,
and Javascript) to a set of packets.
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Table 2.1: The main notations and definitions.

Notation Definition

Dk delivery time for packet k.
K, k the set of segments, a segment identifier.
M,m available paths set, a path index.
P , p used paths set, a path index.
V , v set of scheduling updates, an index of update.
∆Tv the duration of each scheduling cycle v.
Θ,θp scheduling policy, transmission task on p.
γp retransmission delay till successful arrival.
Cp the link capacity.
qp(∆Tv) transmitted packets through path p within ∆Tv.
Rp,v, r transmission rounds on p in v, a round index.
su|r the u-th sub-state given the r-th round.
P
(
su|r, su′|(r+1)

)
state transition probability from su|r to su′|(r+1).

wp(su|r) the cwnd of path i when the sub-state is su|r.
τp the RTT on path p.
gp the slow start threshold on p.
TC
⟨r,p⟩ time to let all wp(r) packets arrive at the receiver.

TB
p (sr,u) leftover time budget when the r-th round begins.

xr number of delivered packets in the r-th round.
δk the reordering delay.
Ω, u the entire states set, the sub-state index.
Λp mobility error rate.

To adapt to network condition changes, the scheduler has to keep updating Π until
the completion of K packets’ transmissions. The frequency to update Π varies for
different scheduling algorithms. The MPQUIC Round-Robin (MPQUIC-RR) [32] and
minRTT [100] schedulers refresh θp for each path independently and asynchronously,
i.e., they change θp right after path p receives new ACKs or on the event that the
path has room for a packet. The independent scheduling update is undesirable for
solving OFO issues, so BLEST [42], DAPS [119], and LATE [164] update θp for each
path simultaneously after all paths receive ACKs or timeout signals, which depends
on the longest path RTT.

According to the scheduling mechanism adopted by [42, 119, 164], the scheduling
updating cycle can be indexed by V = {1, 2, . . .}. Kv, Pv, and Θ(v) represent the set
of remaining buffered data, the updated set of selected paths, and the updated packet
scheduling decision, respectively, at the start of scheduling cycle v ∈ V . Denote by
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∆Tv the time duration of cycle v, which is determined by the path with the longest
RTT, i.e., max

p∈Pv

{τp}. If there are paths that cannot receive ACK before the RTO timer

triggers, denoted by p′ ∈ Pv, ∆Tv would be regulated by both the timer threshold
µp′ and the RTT τp. Hence, we have ∆Tv = max

p,p′∈Pv

{τp, µp′}. Since MPQUIC allows

ACKs to return from different paths, not necessarily the original one, ∆Tv could be
as low as (max

p∈Pv

{τp}+ min
p∈Pv

{τp})/2.
Within ∆Tv, each path p ∈ Pv takes one or multiple round trips to fulfill the

transmission task θp ∈ Θ(v) until the task is finished or the next scheduling cycle
v + 1 starts. As a result, the time on path p during cycle v can be further divided
into round trips, which are indexed by Rp,v = {1, . . . , r, . . . , R}. Note R depends on
the path RTT τp and the window size wp.

2.3.3 Reordering Delay Model

Due to the path heterogeneity, the issue of OFO packet arrivals is predominated in
the context of multipath transmission, leading to the packet reordering delay. Note
that path heterogeneity refers to the differences in RTT, cwnd, and loss rate over
paths.

We denote by δk the reordering delay that packet k due to heterogeneous routes.
It can be expressed with

δk = Dk − ak,p, (2.1)

where ak,p stands for the arriving time for a packet k ∈ θp, and Dk means the time
that packet k can be delivered to the upper layer application. Dk is determined by
the arrival time of all preceding k − 1 packets, i.e.,

Dk = max
p1,p2,...,pk∈P

{a1,p1 , a2,p2 , . . . , ak,pk}. (2.2)

Let tv be the time in seconds when the v-th scheduling cycle starts. The time-
varying parameters, e.g., Cp, wp and τp should be rewritten as Cp(tv), wp(tv) and
τp(tv), respectively. For readability, we ignore the notation (tv) in the equations
hereafter.

For a packet k ∈ θp, assuming its sending order is i-th and its arriving time can
be estimated by

ak,p = tv +
i∑

n=2

∆tn,n−1 +OWDp + γk,p, (2.3)
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where ∆tn,n−1, OWDp, and γk,p are defined below.
1) ∆tn,n−1: the packet sending interval between the (n−1)-th and the n-th packets.

If they are sent within the same round r ∈ Rp,v, the sending interval is dominated
by the delay of sending a packet out over the access link, such as the access link
transmission delay, or the queuing delay if other flows share the same link. If the two
neighboring packets are sent at different rounds, which means the latter packet needs
to wait for the window availability, ∆tn,n−1 would be dominated by τp.

2) OWDp: the one-way delay of path p is estimated to be approximately half of
the total delay τp, which includes propagation delay, queuing delay, and other delays
along the path. In mobile environments, the OWDp among different paths exhibits
large differences and undergoes changes over time.

3) γk,p: the delay caused by the retransmission of packet k over path p. Its starting
point is the packets’ expected arrival time and the length depends on the packet loss
rate which is discussed in Section 2.5.2.

2.3.4 Problem Formulation

Given the task of transmitting K packets, our objective is to find a scheduling policy
Π that improves the aggregated network throughput while minimizing the average
reordering delay, i.e.,

max
Π:⟨P,Θ⟩

V∑
v=1

∑
p∈Pv

qp(∆Tv)

∆Tv

− 1

K

V∑
v=1

∑
p∈Pv

∑
k∈θp

δk (2.4)

where qp(∆Tv) means the number of packets that successfully arrive at the receiver
through path p within a period of ∆Tv.

Here V refers to the maximum cycles the MPQUIC sender takes to finish the task
of K packets’ transmissions.

∑
v∈V
∑

p∈Pv
qp(∆Tv) stands for the total number of

packets arrived at the receiver within V cycles, so we have
∑

v∈V
∑

p∈Pv
qp(∆Tv) = K

and the first term of (2.4) is maximized when
∑

v∈V ∆Tv is minimized.

Remark 1. To minimize the completion time, the intuition is to select as many paths
as possible. However, if the amount of buffered data is small, employing more paths
can result in poorer performance [165]. First, we sort all paths in ascending order ac-
cording to their RTT τm,m ∈M and obtain the new path setM′ = {m1,m2, . . . ,mM}
in which τa1 ≤ τa2 ≤ τaM . Given the remaining buffered data Kv at time tv, the num-
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Figure 2.2: Overview of the MMQUIC architecture.

ber of elements in the set Kv is denoted by |Kv|. If |Kv| ≥
∑

m∈M′ qm(∆Tv), we should
use all M paths, i.e., P =M′, to obtain the maximum aggregated throughput in the
current cycle, thus speeding up the completion in the rest of scheduling cycles. Other-
wise, we choose the number of paths that is sufficient to finish the buffered data while
maintaining the minimum largest RTT. In this case, the number of selected paths, P ,
is expressed with

P = min{P ∗|
P ∗∑
i=1

qmi
(∆Tv) ≥ |Kv|},mi ∈M′ (2.5)

and thus P = {m1, . . . ,mP} ⊆ M′.

Once P is determined, the minimization of the second term in (2.4) is mainly
dependent on the design of Θ because Θ affects the packet scheduling time and
arrival time.

Therefore, we conclude that the key to solving the problem in (2.4) is to find out
qp(∆Tv) for each path in mobile environments and then design Θ accordingly.

2.4 MMQUIC Framework

Making an accurate estimation of qp(∆Tv) in mobile networks is challenging for two
reasons. The first challenge stems from the different sources of packet losses. For
instance, packet losses may be due to the handoff procedure in which the signal
strength of an access link becomes very weak, or due to the overflow dropping in
access links since MPQUIC has no knowledge of the link capacity changes. The
second challenge is the time-varying channel capacity resulting from different mobility
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Figure 2.3: MMQUIC ACK packet structure.

patterns.
The above issues boil down to one basic cause: the link variations are transparent

to the transport layer. Therefore, in this section, we present the MMQUIC framework
as shown in Fig. 5.3. Similar to MPQUIC and MPTCP, MMQUIC also follows the
conventional TCP/IP layering architecture. The key contributions of MMQUIC are
the components in the dark gray blocks in Fig. 5.3 and the established interfaces
across different layers or components. In MMQUIC, schedulers at the sender side
can realize channel condition changes of both uplinks and downlinks, to make an
optimal multipath scheduling policy. Next, we look at the data delivery process to
illustrate how the MMQUIC-enabled sender is informed of the variations of uplinks
and downlinks.

2.4.1 Handling Uplink Variation for the Mobile Sender

The uplink between a mobile sender and its corresponding access networks may suffer
from link quality fluctuations whenever the mobile sender is moving while transmit-
ting. To make the MMQUIC layer aware of such fluctuations of the link layer, as
shown in Fig. 5.3, we use the cross-layer design philosophy to add an information
exchange module between the two layers. Through the cross-layer design, the channel
states, e.g., transmission power, and fading parameters, can be timely obtained by
the MMQUIC layer and be the input of the mobility management module which will
be discussed in the next section.

2.4.2 Handling Downlink Variation for the Mobile Receiver

In contrast to the case when the sender is in motion, the mobile receiver will cause the
link quality to vary at downlinks of the last mile. The mobility management module
at the sender cannot be updated with the downlink dynamics directly in this case.
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Therefore, we add a component, ACK management, which not only incorporates a
mobility information field in each ACK packet but also manages the ACK returned
path to keep the sender informed quickly.

Fig. 2.3 shows the new MMQUIC ACK packet, consisting of two blocks: MMQUIC
header, and ACK frame. To distinguish it from the standard QUIC ACK design
in [60], we highlight new fields with dark gray.

MMQUIC Header

To make the sender react quickly to downlink variations to the mobile receiver,
MMQUIC tries to return the ACK packet as soon as possible. It allows ACK packets
to return from any of the paths, including the fast path and the slow path, as opposed
to MPTCP whose acknowledgment is supposed to return on the same subflow. The
PID field with a 4-bit length in the header section is to help the sender identify which
subflow the ACK packet acknowledges. Upon the reception of an ACK, the sender
will examine the PID field and update the subflow states accordingly.

Moreover, to provide the sender with insights into the downlink variations, some
information regarding the path bandwidth-delay-product (BDP) information would
be appended in the ACK packet and bounced back from the receiver. For the
backward-compatibility purpose, we leverage the existing option field in the header
to insert the BDP information. As shown in Fig. 2.3, three fields related to the
mobility parameters are appended in the MMQUIC header block, i.e., BDP1, BDP2,
and BDP3. These three fields reveal the bandwidth-delay-product (BDP) of an E2E
connection at present, in 0.5 seconds and 1 second, respectively. This BDP informa-
tion keeps updated upon the reception of data and will be piggybacked to keep the
sender informed. Note that the interval of 0.5 seconds is empirically selected, it is
customizable to choose different values for different scenarios.

MMQUIC ACK Frame Structure

The ACK frame structure inherits the design in [60], with E2E path information
including the largest Acked and gap to the next block, where largest Acked indicates
the largest acknowledged packet sequence number over multiple paths. s
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2.5 MAMS Scheduler

Using the MMQUIC framework which ensures the sender is informed, we further de-
velop a Mobility-Aware Multipath Scheduler (MAMS) to improve goodput in dynamic
wireless systems. Three major components are included: mobility error estimation,
mobility-aware Markov model for the sender, and MAMS scheduler.

2.5.1 Mobility Error Rate Estimation

In wireless networks, packet losses are often due to wireless channel fluctuations or
path failure but not by link congestion [142]. In other words, the errors caused by
mobility dominate the packet loss rate (PLR). To estimate qp(∆Tv), we first give an
analysis of the mobility-associated loss rate Λp calculation as follows.

The signal-to-noise ratio (SNR) is a crucial factor in deriving the packet-level loss
rate in wireless channels. In practice, wireless NICs report the real-time measurements
in the channel state information (CSI) format, which serves as the proxy of the true
SNR [59]. On the other hand, many mathematical formulas are proposed to derive
the bit error rate (BER) based on SNR and further estimate the PLR. For example,
in [122], the relationship between BER P̄b and SNR is

P̄b =
2
(
1− 1

L

)
log2 L

Q

[√[
3 log2 L

L2 − 1

] [
2SNR

log2M

]]
, (2.6)

where L is the number of levels in each dimension of the M -ary modulation system.
Q(x) is the Gaussian error function and is given by [55]

Q(x) =

∫ ∞

x

1√
2π

e
−y2

2 dy (2.7)

Under the assumption that FEC coding can recover a few bits per packet, Λp can
be calculated as follows,

Λp = 1− P[at most Ψ bits are erroneous]

= 1−
Ψ∑
i=0

(
Z

i

)
(P̄b)

i(1− P̄b)
Z−i,

(2.8)

where Z is the length of each packet in bits, and Ψ is the maximum number of error
bits the FEC coding can handle.
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Figure 2.4: State transition diagram of MMQUIC subflow.

Note that it is challenging to use a universal model to estimate BER based on
SNR for different wireless technologies because they have distinct channel models and
modulation mechanisms. In practice, it is more efficient to look into the SNR-to-BER
mapping table to obtain the BER value. There have been lots of investigations such
as [11,59,71] shed light on the mapping from SNR to BER, which can be referred to.

2.5.2 Mobility-aware Markov Model for the Sender

As the congestion control algorithm of QUIC inherits TCP’s mechanism and most
implementations of QUIC use the New Reno variant [96], we model the window
behavior for each MMQUIC subflow based on New Reno congestion control.

The mobility-aware state transition process of MMQUIC subflow is shown in
Fig. 2.4, in which two main states, application-limited (AL) and network-limited
(NL), are presented 2.It is similar to the model in [164], except that the transition
from AL to NL is triggered by not only the congestion loss but also transmission
failures due to mobility.

In a network-limited state, four sub-states are defined in the set Ω as below,

Ω = {Slow Start (SS), Congestion Avoidance (CA),

Fast Recovery (FR), Retransmission TimeOuts (RTO)}

In the presence of packet losses, the time required for a packet to reach the re-
ceiver successfully varies depending on the loss event rate. We denote by wp(sr) the
congestion window over path p given the network state is in sr (sr ∈ Ω) during the

2Unlike greedy flows, such as FTP, where the source rate is limited by the network, the sending
rate of some flows (e.g., VoIP) is a function of media encoding and, thus, may or may not be NL.
We refer to the periods where the source rate is not limited by the network as AL periods. The
state transition from AL to NL is driven by the hybrid packet loss events with rate Λp. The system
transitions back to an application-limited state when the MMQUIC sender matches its input and
output rates (e.g. when the packet backlog is cleared).
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r-th transmission round, TC
⟨sr,p⟩ the total time consumed by the successful delivery of

all wp(sr) packets, including the initial shot of packet transmission in round r, and
lost packet retransmission delay γp in the next round r+1. So TC

⟨sr,p⟩ can be obtained
by

TC
⟨sr,p⟩ = τp/2 + γp, (2.9)

where the relationship between γp and the sub-states sr is summarized as

γp =


0, if s ∈ {CA, SS},
τp, if s == FR,

RTOp, if s == RTO.

(2.10)

We refer interested readers to [164] for more discussions on (5.6).

2.5.3 Calculation on qp(∆Tv)

Given a time budget of ∆Tv, multiple rounds of packets may be delivered through
the path p, and at each round, the data transmission could suffer from either outage
error or handover loss which is dependent on Λp.

Recursive Problem Formulation

Let TB
p (sr) be the leftover time budget when the r-th round of transmission starts.

At the beginning, when r = 1, we have TB
p (s1) = d

(TD)
Q+1,2 + OWDj, and at least x1

(x1 ≤ wp(s1)) packets are delivered in the first round. Then we look into the leftover
budget TB

p (s2) which has three possibilities as below,

TB
p (s2) =


TB
p (s1)− τp, if s2 ∈ {CA, SS},

TB
p (s1)− τp, if s2 == FR,

TB
p (s1)−RTOp, if s2 == RTO.

As a result, for the second round, we use su|2 to denote the possible sub-state of the
network system, where u ∈ U = {1, 2, 3}. Specifically, if u = 1, then su|r ∈ {CA, SS}.
If u = 2, then su|r = FR. Otherwise, su|r = RTO.

Comparing TB
p (su|2) with TC

⟨2,p⟩, the sender can determine whether the second
round of transmission is allowed, if so, all wp(s1) − x1 lost packets during the first
round along with new data sitting in the sending buffer would be sent out in the
second round. Repeatedly, the leftover time budget TB

p (su|r) ( r ∈ {3, 4 . . .}) and the



21

value of xr during each round r are recalculated, which would be stopped till the time
budget is less than τp/2.

In conclusion, the calculation of the expected number of qp(∆Tv) is a recursive
process. We have

qp(∆Tv) = qp(T
B
p (s1))

= x1 +
3∑

u=1

P
(
s1, su|2

)
qp(T

B
p (su|2)),

(2.11)

where P
(
s1, su|2

)
represents the probability of network state transition from s1 to

su|2, and qp(T
B
p (su|2) can be further calculated by

qp(T
B
p (su|2)) =xu|2 +

3∑
u′=1

P
(
su|2, su′|3

)
·

qp(T
B
p (su′|3)).

(2.12)

Then, qp(TB
p (su|r)) is generalized as

qp(T
B
p (su|r)) = xu|r +

3∑
u2=1

P
(
su|r, su′|(r+1)

)
·

qp(T
B
p (su′|(r+1))),∀r ∈ {2, 3, . . .},

(2.13)

Recursive Problem Decomposition

To get a closed-form expression for the recursive calculation, we decompose it in the
following way.

We denote by xr the expected number of successfully delivered packets within the
r-th round. qp(∆Tv) is the summation of xr over all possible rounds, i.e.,

qp(∆Tv) =
rmax∑
r=1

E [xr] , (2.14)

where the rmax is given by

rmax = ⌊∆Tv/min{2TC
⟨1,p⟩}⌋ = ⌊∆Tv/τp⌋.

Note that ⌊·⌋ means floor function.



22

It has been demonstrated that, for mobile users, the wired parts of both the
Cellular and WiFi routes are high-speed and free from impairments, and the wireless
access links to the AP/BS are the bottlenecks [34,44,129]. Therefore, the value of xr

is not only the function of cwnd and loss rate but also the bottleneck capacity Cp.
Here the transmission rate of wireless links is dynamic as the distance Rp between

MH and APs changes, which is written as

Cp = η ·Wp log2(1 + SINRp), (2.15)

where Wp is the allocated channel bandwidth to interface p of the MH, SINRp in
(3.2) is the received signal to interference plus noise ratio of the access link, and
η ∈ (0, 1) is a coefficient of the communication system, depending on several factors,
e.g., hardware and software design, as well as the modulation and coding schemes.

SINRp =
Yp(Ri)

−β

σ2 + Ip
, (2.16)

where Yp stands for the transmission power of interface p, β is the path loss expo-
nent, σ2 is the background noise on the frequency channel, and Ip is the associated
interference.

Let Φp(sr) be the maximum number of packets that can be sent out at time t

when the path p is in state tr, it is given by

Φp(sr) = min{wp(sr), Cp(t)τp(t)}. (2.17)

xr Calculation

At the very beginning (i.e., r = 1), the sender just receives new feedback from the
receiver, and thus the network state is deterministic. Denoted by P(x1|Φp(s1)) the
probability that x1 out of Φp(s1) packets are lost. Since the loss probability of each
packet is Λp and packet losses are independent of each other [48, 50, 106], the value
of P(x1|Φp(s1)) obeys the Binomial formula, i.e.,

P(x1|Φp(s1)) =

(
Φp(s1)

Φp(s1)− x1

)
·Λp

Φp(s1)−x1 · (1−Λp)
x1 . (2.18)
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Algorithm 1: The path selection algorithm
Input : I(s1) = {wm(s1), gm(s1), τm(s1)}, ∀m ∈M = {1, . . . ,M}
Output: Pv.

1 Con_I⇐= the sender is moving // True or False

2 Con_II⇐= the receiver is moving

3 M′ = {m1,m2, . . . ,mM} //Sort all paths m ∈M in ascending order by τm
4 P,QP ← 0
5 for i = 2; i ≤M ; i++ do
6 Tmax = τmi

/2
7 for j = 1; j ≤ i; j ++ do
8 r ← 1, TB

j (sr) = Tmax, qj(T
B
j (sr))← 0

9 while TB
j (sr) ≥ TC

⟨sr,j⟩ do
10 if Con_I then
11 BDP ⟨u⟩(t)← read from link layer information // uplink

12 if Con_II then
13 BDP ⟨d⟩(t)← read from ACK frame // downlink

14 Λj := f1(Rj(t)) // Eq. (2.8)
15 Φj(sr) := f1(BDP ⟨u⟩(t), BDP ⟨d⟩(t), wj(sr)) // Eq. (2.17)
16 if r == 1 then
17 xr := f2(Φj(sr),Λj) // Eq. (2.19)

18 else
19 for each u ∈ U = {1, 2, 3} do
20 xu|r := f2(Φj(sr),Λj) // Eq. (2.19)

21 xr := f3(xu|r) // Eq. (5.3)

22 qj(T
B
j (sr))← qj(T

B
j (sr)) + xr

23 r ← r + 1

24 TB
j (sr)← TB

j (sr)− (γj,sr)
+
τj

// Eq. (5.6)
25 t is updated with Eq. (2.3)

26 QP+ = qj(T
B
j (sr))

27 P = i
28 if QP ≥ |Kv| then
29 break

30 Pv := {m1, . . . ,mP}
31 return Pv

Hence, x1 can be obtained with

E [x1] =

Φp(s1)∑
x1=0

x1·P(x1|Φp(s1)). (2.19)
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Table 2.2: The settings of a and b with different sub-states

Sub-state Classification Parameter Settings
u′ = 1 a = 0, b = 0
u′ = 2 a = 1, b = Φp(su|(r−1))− 3
u′ = 3 a = Φp(su|(r−1))− 2, b = Φp(su|(r−1))

To derive the xr where r ∈ {2, 3, . . .}, we first define a conditional path charac-
teristic set

I(su|r) = {wp(su|r), gp(su|r), τp(su|r),

Λp(su|r), T
B
p (su|r)}.

Here gp(su|r) refers to the slow start threshold over p given the state of su|r. All
elements in I(su|r) will be updated in a way that aligns with (6)-(21) in [164]. Addi-
tionally, Φp(su|r) should be updated as follows and incorporated into the set I(su|r).

Φp(su|r) = min{wp(su|r), Cp(t
′)τp(t

′)}, (2.20)

where t′ = t0 + OWDj − TB
p (su|r) indicates the successive time slot associated with

state su|r, and t0 is the starting point when r = 1.
Furthermore, as the network state transitions are highly dependent on the number

of lost packets out of Φp(su|r), n, the state transition probability P
(
su|(r−1), su′|r

)
is

given by [48,50,106,164]

P
(
su|(r−1), su′|r

)
=

b∑
n=a

(
Φp(su|(r−1))

n

)
· (Λp)

n·

(1−Λp)
Φp(su|(r−1))−n, u, u′ ∈ {1, 2, 3}

(2.21)

in which the values of a and b for different states are summarized in Table 2.2.
With the knowledge of Φp(su|r), along with (2.13) and (2.21), the expected value
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of xr can be derived as follows,

E [xr] =
3∑

u1=1

3∑
u2=1

. . .

3∑
ur−1=1

P
(
s1, su1|2

)
P
(
su1|2, su2|3

)
. . .

P
(
sur−2|(r−1), sur−1|r

)
E
[
xur−1|r|Φp(sur−1|r)

]
=

3∑
u1=1

3∑
u2=1

. . .

3∑
ur−1=1

P
(
s1, su1|2

)
·
r−1∏∏∏
v=2

P
(
suv−1|v, suv |(v+1)

)

·
Φp(sur−1|r)∑
xur−1|r=0

P
[
xur−1|r|Φp(sur−1|r)

]
· xur−1|r.

(2.22)

Using (2.19) and (5.3), (2.14) is rewritten as

qp(∆Tv) = E [x1] +
rmax∑
r=2

E [xr] . (2.23)

To maximize the aggregated throughput, P could be derived as described in Al-
gorithm 1 given the estimated qp(∆Tv).

In the next subsection, we will demonstrate a scheduling policy Θ design to min-
imize the average reordering delay.

2.5.4 Packet Scheduling Policy Θ

For a packet k sent over path p∗, the reordering delay δk is subject to the delay
difference between p∗ and other paths that have longer delays. Let ps ∈ P be a path
that is relatively slower than the paths in the path set F , such that ∀pf ∈ F ⊂
P , τpf ≤ τps .

The core idea of Θ is to select packets for a slower path to reduce the blocking
time on its relatively faster paths. The detailed design is given in Algorithm 2.

For example, when the for loop in line 7 of Algorithm 2 starts, the slowest
path ps is path mP , and the rest paths with shorter delay are in set F . Within
OWDP which is the time duration to get a packet arrived at the receiver through
ps,
∑

pf∈F qpf (OWDP ) packets can be processed by the relatively faster paths of ps.
To avoid the reordering delay caused by the late arrival on path ps, we reserved the
first

∑
pf∈F qpf (OWDP ) packets for the faster paths, and select packets starting from∑

pf∈F qpf (OWDP ) + 1 for the path ps. To further determine how to distribute the
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Algorithm 2: The packet scheduling algorithm
Input : I(s1) = {wp(s1), gp(s1), τp(s1)},∀p ∈ Pv = {m1, . . . ,mP}
Output: Θ(v) = ⟨θm1 , . . . ,θmP

⟩.
1 Initialization at scheduling time tv
2 LIndex,RIndex← 0
3 ω ← 0
4 for each p ∈ P do
5 θp ← ∅

6 for i = P ; i ≥ 1; i−− do
7 ps ← mi,F ← {m1, . . . ,mi−1}
8 Qps ← 0,
9 FP ← the first packet in Kv

10 for each pf ∈ F do
11 Calculate qpf (OWDps) according to Algorithm 1
12 Qps+ = qpf (T

B
pf
(sr))

13 LIndex = Qps + FP
14 if i == P then
15 θps = θps ∪ {LIndex}
16 Kv = Kv \ {LIndex}
17 continue;

18 else if i == 1 then
19 RIndex = LIndex
20 LIndex← FP

21 else
22 RIndex = LIndex
23 LIndex = Qps + 1

24 θps = θps ∪ {LIndex, . . . , RIndex}
25 Kv = Kv \ {LIndex, . . . , RIndex}
26 return ⟨θm1 , . . . ,θmP

⟩

reserved
∑

pf∈F qpf (OWDP ) packets over all paths pf ∈ F , the for loop repeats the
above procedures until all

∑
pf∈F qpf (OWDP ) packets are appropriately scheduled.

The above steps make the schedule decision for the first
∑

pf∈F qpf (OWDP ) + 1

packets while only one packet is assigned to the slowest path ps. To make the most of
the available window without exceeding the bottleneck capacity on the slowest path,
we use a for loop and repeat the process until the number of packets scheduled on
the slowest path approaches ΦP (tv) as defined in Eq. (2.17). This is achieved using
a while loop, as shown in line 6 of Algorithm 2.
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2.5.5 Time Complexity Analysis

In this subsection, we will briefly analyze the complexity of our algorithms in terms
of time consumption.

Algorithm 1 involves three nested loops. The outer loop runs from i = 2 to
i = M and the middle loop runs from j = 1 to j = i, leading to

∑M
i=2 i =

M(M+1)
2
− 1

iterations. The inner loop (i.e., the while loop) is a recursive process, the number of
iterations is determined by the Tmax. If Tmax is less than the smallest time cost TC

⟨sr,j⟩,
the recursion stops. This base case is reached in constant time, O(1). Otherwise,
in each recursive call, three subproblems are generated, corresponding to the three
states (line 19). Each subproblem involves a recursive call with a reduced time budget
(line 24). Let’s assume that Tmax is reduced by a factor γ̂ at each step. In that
case, the number of recursive calls could be logγ̂(Tmax). If we use a tree structure
to depict the above process, the depth of the recursion tree is logγ̂(Tmax), and at
each level, there are three branches. The work done at each node is to compute
the expected number of packets, which involves constant time operations. Therefore,
The inner loop contributes a time complexity of O(3logγ̂(Tmax)). Combining three loops,
Algorithm 1 has the time complexity of O(3logγ̂(Tmax)M2).

Similarly, Algorithm 2 involves two loops starting at lines 6 and 10, respectively.
The total number of iterations is

∑P
i=1(i− 1) = P (P−1)

2
iterations. Given each step in

the iterations is operating at a constant time, the time complexity of Algorithm 2
is O(P 2).

It is noteworthy that the execution time of our algorithms imposes minimal over-
head. Firstly, we can employ memorization techniques to avoid redundant calcula-
tions, significantly reducing the depth of the recursion tree and consequently lowering
the actual time complexity. Secondly, in real-world scenarios, the number of commu-
nication interfaces (M) for each device is limited, and the latency differences among
paths are comparatively small. This implies that the magnitude of logγ̂(Tmax) is
within acceptable limits. In our experiments, as depicted in Fig. 2.17, the execution
time for completing Algorithm 1 is a mere 0.08 milliseconds when M = 8. Last but
not least, both Algorithm 1 and Algorithm 2 occur infrequently. They are acti-
vated only at the commencement of each new scheduling cycle, with each activation
spaced a few seconds apart.
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Figure 2.5: Cross-layer architectural blueprint.

2.6 Performance Evaluation

We use ns-3 [4] to implement the proposed MAMS over the MMQUIC framework
and investigate its performance in this section, comparing it with the following two
related multipath scheduling policies over MPQUIC.

• MPQUIC-RR is the easiest but unintelligent policy to distribute packets over
multiple paths in a round-robin fashion.

• LATE [164] was originally designed for MPTCP to mitigate the OFO issue
in heterogeneous networks. A comprehensive analysis of loss situations and a
loss-aware throughput estimation model is at the heart of it.

2.6.1 Prototype Implementation

To begin with, we extended the existing QUIC module [6] to MPQUIC based on
network simulator 3 (ns-3) in accordance with the Internet Engineering Task Force
(IETF) draft3 on MPQUIC. We refer readers to our paper [124] and the public release
source code at https://github.com/ssjShirley/mpquic for the implementation details
of MPQUIC-ns3.

Further, as illustrated in Fig. 3.7, we introduce a shared database to enable the
cross-layer MMQUIC framework.

Through the creation of interfaces that connect the layers to the shared database,
the data stored in the database is accessible to protocol functions across different lay-
ers. For instance, in the event of changes to the access link conditions, the link layer
acquires parameters such as Basic Service Set Identifier (BSSID), Received Signal
Strength Indicator (RSSI), etc. These parameters are then written into the database,
enabling the MMQUIC layer to retrieve this information. Note that the presence

3https://datatracker.ietf.org/doc/draft-deconinck-quic-multipath/

https://github.com/ssjShirley/mpquic
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Figure 2.6: Mobile scenarios.

of the shared database does not change the conventional five-layer structure, and
the encapsulation and decapsulation processes do not involve the data stored in the
database. Therefore, the MMQUIC framework is distinguished by its backward com-
patibility.

On top of the MMQUIC framework, we implement the MAMS scheduler and
benchmark algorithms. The source code can be accessed online4.

2.6.2 Experimental Settings

Fig. 2.6 depicts the three mobile scenarios employed in our experiments: Highway,
Urban, and the integrated terrestrial and satellite network (ITSN).

In the Highway scenario, we assume a straight street with a predictable user
movement direction within a defined time interval. The APs/BSs are sparsely de-
ployed, resulting in a degraded average link bandwidth for end hosts. However,
handovers occur less frequently in this scenario. In simulations, we place APs/BSs in
a line and the interval is 4 Km. According to the studies in [29], the actual achieved
bandwidth of a WiFi or LTE user is far below the ISP’s claimed bandwidth in rural
areas, so we set the bandwidth to a comparatively lower value, which is respectively
5 Mbps and 10 Mbps for LTE and WiFi paths in this scenario.

In contrast, the city roads in the Urban scenario are more winding, featuring
numerous intersections. This leads to a more random user movement direction due to
factors such as unexpected traffic jams. The APs/BSs are densely deployed, resulting
in a comparatively higher average link bandwidth [167]. In simulations, each AP/BS
is in the center of a hexagon and they are 200 meters away. The link bandwidth

4https://github.com/WenjunYang2021/MAMS. The key module of this project is located
in the quic folder, and the most important modifications regarding the multipath scheduling
are included in files quic-socket-tx-scheduler.cc, quic-socket-tx-buffer.cc, and
quic-socket-base.cc.



30

Table 2.3: Satellite simulation parameters

Parameters Value
Distance between satellites and end nodes 500 Km

Speed of satellites v 7–7.5 Km/s
Uplink bandwidth W 5 MHz

Inter/intra-satellite link bandwidth 50 Mbps
Satellite transmission power 20 dBW
End-user transmission power 30 dBW

Noise power density at the satellite antenna -164 dBm
Noise power density at end devices -144 dBm

Path fading model Rician
Path loss exponent 2.5

of LTE and WiFi is set to 50 Mbps and 200 Mbps, aligning with the measurements
in [167].

Diverging from the characteristics of the first two scenarios, in ITSN, the user mo-
bility is negligible. However, due to the high-speed movement of satellites which form
the access networks and/or backbone networks, the ground users, either the sender
or the receiver, are relatively moving, and the uplinks between ground users/stations
and an ingress satellite and the downlinks between an egress satellite and another
ground users/stations undergo frequent handoff or link failure issues. The specific
settings for this scenario are summarized in Table 2.3 [166].

By pinging several servers using mobile phones, we realize that the E2E delay
for LTE and WiFi in practice is within the ranges of 23 – 74 ms and 22 – 320 ms,
respectively. Therefore, we respectively select 50 ms and 150 ms as the minimum
RTT for LTE and WiFi paths in the above scenarios.

The “Internet” as depicted in Fig. 2.6, comprises nodes arranged in an N × N

grid topology, interconnected by wired links. We can easily customize the value of N
in different scenarios. For instance, we set N to 8 when there are 8 paths established
between the sender and the receiver. Each wired link shares the same settings as
follows: bandwidth is 500 Mbps, the delay is 2 ms, and the packet transmission
error rate is 0.001%. Throughout all experiments, the settings of wired links remain
unchanged.

Based on the above three scenarios, we set up three use cases to investigate the
performance of MAMS: 1) the sender moves only. 2) The receiver moves only, and
3) the access networks along with backbone networks are moving. Concerning the
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application type, we select file downloading and Dynamic Adaptive Streaming over
HTTP (DASH) to study the non-delay-sensitive yet dominated traffic and delay-
sensitive real-time traffic, respectively. Therefore, we have two test combinations: file
downloading over MAMS with different mobility scenarios, and DASH over MAMS
given a certain mobility scenario. We employ the BulkSendHelper module in ns-3 to
simulate a 5 MB file downloading process with different mobility cases. For the test
of DASH over MAMS, we refer to the source code at [1].

For both MAMS and benchmarks, two main performance metrics are measured:
goodput and the cumulative distribution function (CDF) of per-packet delivery de-
lay. Specifically, the goodput is calculated by averaging the bytes of received in-order
packets over the time duration once the receiver receives new packets with the ex-
pected sequence number. The per-packet delivery delay refers to the elapsed time
from the moment that a packet is sent to the moment that it is read by an upper
application.

We measure the goodput performance whenever the receiver receives in-order ar-
rived packets, the data points collected range from 2000 to 3000, depending on the
in-order arrival frequency. We track the reordering delay for around 3400 packets
given the file size is 5 MB while the maximum segment size (MSS) is 1460 bytes.

2.6.3 Model Validation

As the estimation on qp(∆Tv) in Section 2.5.3 is a key component of MAMS, the
estimation model accuracy is critical to MAMS’s performance. Fig. 2.7 and 2.8
present the differences between the estimation value and real value of qp(∆Tv) in
different scenarios. To distinguish the accuracy model of existing solutions in mobile
scenarios, we incorporate LATE and our first version of MMQUIC presented in [159]
here for comparison. To avoid confusion, we rename the first version of MMQUIC
as MMQUIC-v1. Note that Fig. 2.7 displays the mobile uplink case, i.e., when the
sender moves only, in which MAMS and MMQUIC-v1 behave similarly, so we present
MAMS only in this case. Their differences mainly appear in the mobile downlink case
where the receiver moves, which are studied in Fig. 2.8.

Fig. 2.7(a) shows that there is a big gap between the estimation and real values at
some points when running LATE. In Fig. 2.7(b), the estimation and real values are
very close, so MAMS demonstrates a desirable model accuracy in the mobile uplink
case.
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Figure 2.7: The estimation model accuracy validation in the mobile uplink case.

Regardless of mobile uplink or downlink cases, LATE is unaware of the link con-
dition changes proactively, so Fig. 2.8(a) exhibits the same trend as Fig. 2.7(a),
showing the mismatch between the estimation and real values. By analyzing Fig.
2.8(b) and 2.8(c), we can see the improvement of MAMS against MMQUIC-v1 with
respect to the model accuracy is significant. This mainly benefits from the new design
of the MMQUIC ACK packet structure.

In summary, MAMS can accurately calculate the path throughput in various mo-
bile scenarios.

2.6.4 Results and Analysis

Mobile Uplinks

The mobile uplinks refer to the case where the sender is moving. Assuming the sender
(i.e., Host 1 in Fig. 2.6(a)) moves along a straight line in the Highway scenario. Once
the handoff decision indicator, Received Signal Strength (RSS), is below the threshold
σ, MH would switch to another access point. Based on threshold studies in [158], we
set σ to -90 dBm in our experiments.

Fig. 2.9 depicts our setting and final results with respect to the goodput of three
algorithms: MPQUIC-RR, MAMS, and LATE. As shown in Fig. 2.9, an increase in
moving speed leads to a more rapid channel variations in the channel, leading to more
frequent link failures and a consequent degradation in goodput across all algorithms.
On the other hand, MAMS always achieves the highest goodput compared with the
others, as it benefits from the consideration of the likelihood of link failure loss Λp
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Figure 2.8: The estimation model accuracy validation in the mobile downlink case.

and the cross-layer design in MMQUIC so that the MAMS deployed at the sender
side can timely obtain uplink variations and make adaptive scheduling decisions. In
the calculation of Λp, the Nakagami fading parameter ms and the path-loss exponent
α are set to 1 and 2 [7], respectively. Comparatively, LATE is no longer as effective in
mobile scenarios. Its goodput decreases as the moving speed increases and becomes
even worse than MPQUIC-RR when the speed is up to 40 m/s as shown in Fig. 2.9(b).

MAMS makes 18% and 44% improvement against LATE and MPQUIC-RR in
the 90-th percentile per-packet delivery delay, respectively as shown in Fig. 2.10(a),
and 50% and 35% improvement compared to LATE and MPQUIC-RR in the 99-th
percentile per-packet delivery delay, respectively, when the speed is up to 40 m/s as
shown in Fig. 2.10(b).

Mobile Downlinks

Mobile downlinks depict the use case where the receiver is the mobile host, which is
the most common mobile pattern on the Internet today. To verify the effectiveness
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Figure 2.9: The instantaneous goodput over time observed at the receiver when the
sender is in motion.
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Figure 2.10: Associated CDF of per-packet delivery time with different moving
speeds.

and efficiency of MAMS in this case, we conduct a series of experiments in both
Highway and Urban scenarios with different settings w.r.t. bandwidth, mobility
pattern, speed, etc.

Fig. 2.11 and Fig. 2.12 depict the performance of goodput and the delay CDF in
the Highway scenario.

In Fig. 2.11(a) where the receiver is moving at 20 m/s, the mobility prediction
model in LATE offers some goodput improvement against MPQUIC-RR within the
first 70 s, while the advantage is diminished afterward, because LATE has no compo-
nent to get the loss rate and bottleneck capacity updated, and the prediction errors
accumulate over time. However, LATE still finishes the 5 MB file transmission 1.5
s faster than MPQUIC-RR. On the other hand, MAMS always tries to obtain the
updated link conditions from the newly received ACK packets, leading to 17.3%-
55.3% goodput enhancement against LATE and 13.4%-76.8% enhancement against
MPQUIC-RR. Fig. 2.11(b) further presents the situations when MH moves faster.
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Compared to Fig. 2.11(a), we observe that the faster the moving speed, the worse
the LATE performs. Unlike LATE, MAMS has a clear clue about the trend of path
conditions including the link failure rate and the bottleneck capacity. It can largely
alleviate the impact of the increased moving speed, thereby maintaining the highest
goodput values. However, it is worth mentioning that MAMS would suffer from some
performance degradation if it deals with the mobile downlink cases since the ACK
packets have to take some time to be piggybacked so that the downlink information
carried by the returned ACK frame is outdated to some extent. Then we can explain
why the overall goodput results of MAMS of Fig. 2.11 get lower than that of Fig. 2.9
where MAMS can obtain the uplink variations timely.

Fig. 2.12 describes the per-packet delay distribution which reveals the reordering
delay of each packet. Comparing Fig. 2.12(a) with Fig. 2.12(b), one obvious fact
is that the per-packet delay with the LATE algorithm is largely increased as the
MH speeds up to a certain level. Numerically, 90% of packets are consumed by
upper applications within less than 1.603 s when using the LATE scheduler in Fig.
2.12(a), and 90% of packets take less than 2.053 s to be consumed in Fig. 2.12(b).
On the contrary, the 90-th percentile delay of MAMS is increased from 0.95 s to
1.21 s as the speed increases, and that of MPQUIC-RR is increased from 1.56 s
to 1.68 s. Although the per-packet delivery delay is overall increased, MAMS and
MPQUIC-RR have fewer delay fluctuations in terms of the delay distribution. The
increased delay in LATE is not only caused by the inaccurate loss rate estimation
and accumulated prediction errors, but also the ignorance of bottleneck capacity and
consequent congestion delay. Hence, we conclude that the existing prediction-based
algorithms fail to address the challenges of mobility and even perform worse than
conventional round-robin ways in high-speed mobile networks, and the MAMS does
compensate for their weaknesses in this aspect.

Compared to the Highway scenario, Urban scenario is featured by higher link
bandwidth yet more dynamic moving speed and trajectory. Under this scenario, we
aim to observe how different algorithms react to more complicated mobility patterns.
Given the user’s moving speed is more random due to factors such as unexpected
traffic jams, we assume that the moving speed is a uniformly distributed random
variable. Fig. 2.13 shows the performance of average goodput and reordering delay
with varied mean values of the speed.

In Fig. 2.13(a), three key conclusions can be drawn. Firstly, the increment of
speed contributes to an enhanced goodput across all algorithms when the speed re-
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Figure 2.11: The instantaneous goodput over time observed at the receiver when the
receiver is in motion in Highway scenario.
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Figure 2.12: Associated CDF of per-packet delivery time with different moving
speeds.

mains below 30 Km/h. This is because fast-moving can prevent the user from con-
necting to a network with poor conditions for a long time, which is detrimental to
the average goodput. Secondly, as the speed surpasses 30 Km/h, the handoff hap-
pens more frequently and the path conditions become more dynamic such that all
three algorithms undergo a slight performance degradation. Specifically, the goodput
of MPQUIC-RR, LATE, and MAMS begins to decrease after reaching speeds of 30,
40, and 50 Km/h, respectively. Thirdly, MAMS consistently outperforms LATE and
MPQUIC-RR across all conditions, particularly when the speed exceeds 20 Km/h.
This suggests that MAMS excels in balancing the trade-offs associated with high
speeds.

Fig. 2.13(b) demonstrates the fact that the mean reordering delay with all three
algorithms keeps increasing as the speed increases. When the speed exceeds 40 Km/h,
the reordering delay increases significantly. MPQUIC-RR is the most susceptible to
the considerable dynamics, followed by LATE. MAMS maintains up to 50% improve-
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Figure 2.13: The impact of varied moving speed in the Urban scenario.

ment in terms of delay performance.

Network Mobility

Last but not least, we investigate the case where both uplinks and downlinks undergo
dynamic changes. Here the experiments are running over the ITSN scenario as shown
in Fig. 2.6(c).

Under the impact of network mobility, the goodput achieved by the three algo-
rithms is given in Fig. 2.14. It can be seen that the achievable goodput of each algo-
rithm is constrained by the uplink or downlink capacities, even though the inter/intra-
satellite links provide such a high data rate as 50 Mbps. On the other hand, the
fast-changing error rate caused by high-speed mobility plays a pivotal role in shaping
the trend of goodput. Benefiting from the consideration of these two factors, MAMS
has a more accurate prediction on the achievable throughput of each path and is more
adaptive to the network dynamics, as well as higher goodput against both LATE and
MPQUIC-RR. On the contrary, the comparison between LATE and MPQUIC-RR re-
veals that LATE has no performance gains when the satellite speed is either 7 Km/s
or 7.5 Km/s.

More specifically, as shown in Fig. 2.14(a), MAMS has 5.06% – 48.9% and 10.3% –
64.8% goodput improvement over MPQUIC-RR and LATE, respectively. The average
goodput of LATE is improved by 19.83% compared to that of MPQUIC-RR within
5 – 10 s, whereas it drops dramatically and even performs worse than MPQUIC-RR
during the rest of the time slots. This aligns with the delay distribution shown in Fig.
2.15(a) where MAMS has the lowest 90-th percentile per-packet delay which is 0.28
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Figure 2.14: The instantaneous goodput measured at the receiver in ITSN scenario.
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Figure 2.15: Associated CDF of per-packet delivery time with different moving
speeds.

s, and the counterpart of MPQUIC-RR and LATE is 0.31 s and 0.34 s respectively.
From Fig. 2.14(b), we observe that the goodput improvement of MAMS and the
performance degradation of LATE are both significant. The reason for the large re-
ordering delay in LATE is due to the cumulative prediction errors under a high-speed
mobile environment. As shown in Fig. 2.15(b), LATE has 17.9% and 41.9% larger 90-
th percentile per-packet delay compared to MPQUIC-RR and MAMS, respectively.
Additionally, LATE has a heavily long tail, some packets suffer from extremely long
reordering delay of up to 1.8 s which is harmful to QoE.

Based on the above analysis, we can conclude that MAMS is effective in reducing
reordering delays, even in a challenging environment where both uplink and downlink
undergo frequent changes at the same time.

DASH over MAMS

To validate if the MAMS scheduler works for the real-time video streaming applica-
tion, we employ the DASH application to run over MAMS. Considering the expiration
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Figure 2.16: Per-packet delivery delay distribution when a video client requests the
video data as encoded in [103].

of packets in video streaming is useless and regarded as packet loss [143], the per-
packet delivery delay distribution is still used as a performance criterion.

With respect to mobility patterns, we employ the case of mobile downlinks. The
network settings are identical to the settings in Section 2.6.4. The video client, MH
who is moving at 20 m/s, requests one video segment each time. The video data
was provided by the authors of [103] and is consistent with real-world DASH video
encoding. Assuming MH can tolerate an E2E delay of no more than 500 ms. Next,
we will examine how each algorithm performs.

As shown in Fig. 2.16, MAMS effectively shortens the delivery delay for each
packet, ensuring 97.24% of packets arrive within 500 ms. Comparatively, 94.03% and
92.7% of packets meet the deadline when using LATE and MPQUIC-RR, respectively.
Therefore, choosing MAMS as the packet scheduler for the DASH application can
provide users with a more pleasant experience.

The Impact of the Number of Paths

Compared to our initial version of MMQUIC, MMQUIC-v1, MAMS not only has
an addition of minimizing the reordering delay in mobile downlink cases but also
strives for throughput optimization by selecting the optimal group of paths. There-
fore, in this subsection, we will compare MAMS with MMQUIC-v1 to validate the
effectiveness of MAMS’s throughput optimization design in the case where the num-
ber of paths is greater than 2. On the other hand, as we introduced in Section 2.2,
SEDPF [52] is the relevant one that employs FEC to address the multipath OFO
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issue. As a result, we also incorporate SEDPF into the comparison.
Fig. 2.17 shows the mean reordering delay and aggregated throughput perfor-

mance when the MH fetches a 10 MB file in the Urban scenario. Provided that the
access networks are diversely consisting of WiFi, LTE, and satellite technology, the
MH can choose to connect to multiple networks to establish multiple paths between
the MH and the server.

First of all, according to the results given in Fig. 2.17(a) and 2.17(b), we observe
that MMQUIC-v1 neither shortens the reordering delay nor improves the through-
put compared to benchmark algorithms. MAMS successfully compensates for the
limitations of MMQUIC-v1 in dealing with these issues. Specifically, Fig. 2.17(a)
demonstrates that MAMS reduces the mean reordering delay by up to 0.233 sec-
onds. Meanwhile, as shown in Fig. 2.17(b), MAMS achieves up to 24.2% throughput
improvement.

As shown in Fig. 2.17(a), the mean reordering delay is increasing as the num-
ber of paths increases especially for MPQUIC-RR, which implies that the more the
paths, the more severe the OFO issue. The results show that the FEC adopted by
SEDPF is promising to mitigate the OFO issue compared to ARQ-based approaches
(i.e., MPQUIC-RR and LATE). However, MAMS outperforms SEDPF in terms of
reordering delay, especially in the scenario where 8 paths exist. One reason relies
on the fact that MAMS helps reduce the reordering delay caused by path differences
while SEDPF helps reduce the reordering delay caused by lost packets. The reorder-
ing delay caused by path differences is predominated when the number of paths is
large enough.

In addition to minimizing the reordering delay, MAMS also makes path selections
to maximize the aggregated throughput. Fig. 2.17(b) presents the throughput com-
parison across benchmark algorithms. Overall, the larger number of paths offers a
higher aggregate throughput. By looking into the throughput of SEDPF, MPQUIC-
RR, and LATE, SEDPF shortens the reordering delay at the cost of throughput
degradation compared to MPQUIC-RR and LATE. The more paths created, the
more packet redundancy the SEDPF has, and the more substantial the throughput
degradation is. On the contrary, MAMS offers a promising throughput gain while
minimizing the reordering delay, which benefits from the path selection strategy as
described in Algorithm 1.

Note that the overhead of maintaining our model is intuitively increasing as the
number of paths increases. Through experiments, we observe that the most overhead
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Figure 2.17: The impact of a different number of paths.

of maintaining our model is the calculation of qp(∆Tv) which is a recursive process as
described in Section 2.5.3. The computation time peaks at 0.08 milliseconds for eight
paths and can be reduced to less than 1 microsecond for two paths. Consequently,
the computational overhead of MAMS is generally manageable.

2.7 Summary

To cope with mobility impact, in this work, we present MMQUIC, a novel frame-
work that involves an information exchange module and a new ACK packet structure
to keep the sender informed of changes in the wireless uplink/downlink. Based on
MMQUIC, a new multipath scheme MAMS is developed. Using a probabilistic model,
MAMS can forecast the achievable throughput of the faster subflow in successive time
slots, so that an equivalent amount of packets would be pre-allocated to the faster
subflow to ensure they are not blocked by packets on the slower subflow. Theoreti-
cal analysis backed up by experimental validation shows that the MAMS scheduler
effectively mitigates the impact of either the user’s movement or network mobility
on the OFO issues, achieving substantial performance gains in terms of goodput and
throughput compared to the state of the arts in various mobility cases.
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Chapter 3

MACO: Mobility-Aware Congestion
Control for MMQUIC in Satellite
Networks

In Chapter 2, we demonstrate the MMQUIC framework along with the multipath
scheduling policy to mitigate the OFO issue. In this chapter, we aim to improve the
congestion control performance of MMQUIC in satellite networks.

3.1 Introduction

Next-generation wireless networks are increasingly embracing the Integrated Terres-
trial and Low Earth Orbit (LEO) Satellite Networks (ITSN) for ubiquitous cover-
age [23, 73, 89, 175], which is of paramount importance in many use cases such as
disaster rescue and communications in remote areas. Walker-type constellation in
Fig. 3.1 has been adopted in LEO networks, e.g., the Starlink developed by SpaceX,
which comprises satellites that are uniformly distributed in orbits with the same orbit
inclination and altitude.

One typical challenge in ITSN is raised by the satellite movement [30]. LEO
satellites move at a high speed (i.e., 5 to 10 km/s), so the handover between users and
access satellites will be as frequent as every few seconds, leading to severe connection
interruptions.

According to [66, 107], multipath transport protocols, such as multipath TCP
(MPTCP) [47] and multipath QUIC (MPQUIC) [32] have a great potential to support
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Figure 3.1: Walker-type satellite constellation [87].

seamless connectivity migration during handover. In the context of ITSN, multiple
satellites will be visible to a satellite dish, making it feasible to establish multiple
connections and apply multipath transfer in ITSN.

Compared to MPTCP, MPQUIC is more desirable in mobile environments for
two reasons: First, MPQUIC spends 1 RTT to initialize a subflow if the subflow
has never been established before, or 0 RTT otherwise. In the event of a handover
failure, MPQUIC consumes 0 RTT to restore the disconnected subflow. Furthermore,
each MPQUIC connection is associated with a 64-bit connection ID (CID) instead
of a four-tuple set [166]. Thus even if the address and/or port are changed due to
mobility, the connection remains active.

However, the existing congestion control algorithms for MPQUIC in ITSN are
undesirable. They can be classified into four categories: loss-based [78,91,137], delay-
based [12,18], bandwidth-delay product (BDP) based [20], and learning-based [37,72].

In ITSN, packet loss can occur due to various factors such as handover loss or
transmission error caused by atmospheric conditions, while high delay variations can
result from routing path detours when certain satellites become unreachable during
satellite movement. Therefore, relying solely on packet loss or delay signals is insuffi-
cient to accurately identify congestion levels in LEO networks. BDP-based solutions
state that the BDP serves as a critical indicator of congestion levels, so obtaining
BDP information is a fundamental step. However, they necessitate at least one RTT
to probe network conditions to figure out the BDP information. As ITSN has a rel-
atively long propagation delay, using one RTT to do network probing is expensive.
Learning-based solutions also suffer from low efficiency at the initial stage because
they cannot obtain sufficient data to predict network conditions at the beginning.

Motivated by the above critical issues, our goal is to leverage mobility infor-
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mation in congestion control and to better trade off performance metrics including
throughput, responsiveness, and TCP friendliness. To achieve this, we present a
novel Mobility-Aware COngestion control (MACO) algorithm for MPQUIC in ITSN.
In addition to the preliminary results presented in [166], this study aims to tackle
more complex scenarios when the bottleneck arises in various locations, including
ground-to-satellite access links, inter-satellite links and core networks. The main
contributions and novelties of this chapter are three-fold.

First, we propose an efficient BDP estimation approach in the ITSN mobile sce-
nario instead of solely relying on lengthy network probing.

1. To derive the bottleneck bandwidth, we take advantage of the regularity of
satellite motion to predict the access link condition changes (Section 3.4.1), and
also employ the Adaptive Kalman Filter (AKF) to swiftly offset the estimation
errors in cases where the bottleneck arises from non-satellite networks (Section
3.4.1).

2. In the process of delay estimation, we leverage the knowledge of the changing
distance between ground users and satellites and statistical analysis of the delay
distribution based on measurements spanning one year over Starlink satellites
(Section 3.4.1).

Second, we present the MACO algorithm which has two components: BDP-
inspired quick start and mobility-aware congestion avoidance.

1. In the quick start phase, MACO sets the initial congestion window (cwnd) to a
large yet safe value based on the estimated path BDP as well as learning from
history settings across different subflows (Section 3.4.2).

2. In the congestion avoidance design, MACO utilizes a multipath fluid model and
the square root function to trade off performance metrics including throughput,
convergence, and TCP friendliness. This approach ensures aggressive cwnd
growth when the current cwnd is far below the estimated BDP and conserva-
tive growth when approaching it, thereby effectively exploring network capacity
(Section 3.5.2).

Finally, based on an MPQUIC prototype we developed [124], we implement the
MACO and benchmark algorithms. Extensive evaluation results demonstrate that:
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1. MACO is more adaptive to dynamics such that its cwnd can reach up to the
peak BDP, that is, 300 MSS (maximum segment size), which is 20% and 200%
higher than that of BBR [19] and OLIA [78], respectively.

2. Compared to benchmarks, MACO improves the throughput by three times with-
out causing a longer queuing delay.

3. While ensuring TCP friendliness, MACO takes 70.67% less time to recover to
the network capacity when packet loss occurs compared to OLIA.

3.2 Related Work

In this section, recent studies on ITSN networks are reviewed, including existing
mobility management, MPQUIC-based solutions, and congestion control mechanisms.

3.2.1 Mobility Management

To overcome the mobility issue that stems from the conventional TCP/IP stack in
terrestrial networks, new architecture design paradigms have been suggested by the
research community. They can be categorized into two schools: 1) clean-slate archi-
tectures, e.g., MobilityFirst [116], Named Data Networking (NDN) [170], RINA [31],
Content-Centric Networking (CCN) [70], and Data-Oriented Network Architecture
(DONA) [80]; 2) evolutionary architectures, e.g., Locator/ID separation protocol
(LISP) [39], New IP [85], and Trotsky [97].

The above solutions share a common design rationale that a cleaner separation of
identity and location is instrumental to enhancing endpoint mobility. However, the
network sides (i.e., satellites) rather than endpoints dominate the mobility and han-
dover issues in the ITSN scenario. As a result, satellite-mobility-driven approaches,
such as NDM [30], MSN [173], and QIH [152] are newly developed. They focus on the
handover prediction by considering the movement of both user terminals and satel-
lites, followed by a handover-aware protocol design. However, they establish a single
TCP connection over terrestrial and space networks, leading to two problems. First,
the single connection runs in a break-before-make fashion to deal with the handover,
referred to as hard handover, it has the momentary connection breakage issue [134].
Second, the TCP connection has to be re-established with new parameters (another
three-way handshake) during a session if the client changes its IP address, which is
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prohibitive in ITSN cases where the RTT is generally far higher than the counterpart
in terrestrial networks.

3.2.2 Multipath-enabled Transport Protocols

Given the frequent handover in mobile networks, multipath-enabled transport proto-
col design is more promising. There have been several multipath transport protocols
such as DCCP [79], CMT-SCTP [68], MPTCP [47], and MPQUIC [32].

DCCP was mainly invented for mobility support because it is useful for connection
migration thanks to the multihoming feature. However, it does not support concur-
rent multipath transmission, thereby motivating the development of CMT-SCTP.
CMT-SCTP has largely improved the throughput by using multiple paths to trans-
mit data simultaneously. However, CMT-SCTP is an extension of SCTP, which has
limited deployment compared to more widely adopted protocols such as TCP and
UDP. Thus, researchers shift their interests to MPTCP and MPQUIC.

MPQUIC, the latest proposal, has inherited the advantages of both CMT-SCTP
and MPTCP, demonstrating great potential in various scenarios including ITSN
[123,146,166]. First of all, MPQUIC is robust to the connection migration caused by
mobility because each QUIC connection is identified with a Connection ID (CID)
which can be associated with multiple IP addresses. In addition, different from
MPTCP which needs the three-way handshake to establish or restore a connection,
MPQUIC takes only 1 RTT to initialize a subflow, or 0 RTT to restore it. This fea-
ture is preferable in mobile scenarios. MPQUIC also maintains a global view about
the status of each path through a ’PATHS’ frame, e.g., whether the path is active,
underperforming, or broken. These statistics can be used to speed up the handover
process in mobility scenarios [32].

Recent works, such as OLAPS [151], GADaM [26], HBES [149], and MPDTP [123],
have explored the usage of multipath transport protocols in mobile scenarios. OLAPS
and GADaM utilize learning models to gain a better understanding of network dy-
namics in mobile scenarios, and then design an optimal path scheduling policy. HBES
mainly aims to mitigate the HoL Blocking issues in the presence of mobility, thus im-
proving the quality of experience (QoE) perceived by the receiver. MPDTP focuses
on the deadline guarantee by taking into account challenges in the ITSN scenario,
such as high loss rate, limited bandwidth, and long round trip time (RTT).



47

3.2.3 Congestion Control Algorithms

Satellite networks are featured by high bandwidth and long delays. For the traditional
TCP/IP stack, at the beginning of a new connection, the sender executes a slow start
to probe the usable bandwidth along the path [69], taking a few RTTs, which is not
desirable for small file transfer. Authors in [38, 86] argued that the initial window
should be set to a larger value against the original value which is typically 1 MSS.

TCP uses a congestion window to explore available bandwidth, which is adjusted
in an additive increasing and multiplicative decreasing (AIMD) fashion [17]. The
AIMD can ensure a reasonably fair share of bandwidth but can be slow in mobile
environments where the channel quality changes fast due to fading, shadowing, and
handover [16].

The latest efforts at congestion avoidance can be generally divided into two di-
rections: reactive and proactive congestion control. DCQCN [178], TIMELY [98],
and HPCC [86] are the reactive ones, which investigated novel congestion signals to
detect congestion. The proactive approaches, e.g., ExpressPass [25], NDP [113], and
Homa [99] integrated priority scheduling policies with congestion control to schedule
packets for the purpose of congestion-free, but they are unable to get the required
information and take action in the first RTT.

In 2016, BBR [19] was proposed as model-based congestion control, which skips the
concept of cwnd. It measures bottleneck bandwidth and RTT to control the sending
rate directly. It appears to be a great improvement especially when it works with
QUIC [67]. However, BBR with multipath support is not yet available as the coupled
design of the pacing gain rate for multiple paths remains an open issue. Therefore,
MPQUIC has opted for OLIA [78] as the standard congestion control scheme which
is loss-based. However, OLIA cannot translate the packet loss accurately in ITSN
and incurs performance degradation.

Therefore, in this chapter, we propose the MPQUIC-supported ITSN architecture
where MPQUIC deals with smooth handover and fast connection establishment. In
addition, we emphasize the importance of collaboration between the end-system and
network side, enabling the MPQUIC to be aware of mobility events, and thus it can
make a wise and effective decision on congestion control to adapt to the dynamic link
capacity.
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Table 3.1: The main notations and definitions

Notation Definition

H1, H2 A pair of the sender and the receiver.
G1–G3 LEO satellites.
E1 Ground station.
d1 Distance traveled by H1 across the HO area.
d2 Distance between two adjacent HO areas.
R1 Distance between two adjacent satellites.
R2 Radius of the satellite footprint.
wr The cwnd of path r.
τr The RTT of path r.
xr Transmission rate over path r.
Ωr(t) Initial value of cwnd.
Br(t) Instantaneous path BDP.
Br(t) Averaged path BDP over an interval τr.
Cr,t Bottleneck bandwidth over path r at time t.
CAr,t Bandwidth of ground-satellite links.
CNr,t Bandwidth of core networks.
Dr,t Round-trip propagation delay.
Wr Set of all cwnd when congestion occurs.

3.3 System Model and Problem Statement

In this section, we first model the behavior of MPQUIC subflows under the impact
of LEO satellite movements and then identify the problems when applying existing
congestion control algorithms to MPQUIC in the ITSN scenario.

3.3.1 System Model

We consider the Walker-type satellite constellation. As of now, most satellite networks
operate on a bent pipe principle, which means satellites are used to relay information.
Data is transmitted to the satellite, which sends it right back down to the nearest
ground station [108,138], so we focus on this scenario as shown in Fig. 3.2. The main
notations used throughout this chapter are listed in Table 3.1.

Fig. 3.2 depicts the ITSN system, consisting of the MPQUIC-capable end hosts
H1 and H2, the LEO satellites G1–G3 in the same orbit plane, and ground station
E1. Assuming all satellites move from south to north at velocity v over time, and H1

is directly connected to G1, G2, G3, etc. The distance between two adjacent satellites
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Figure 3.2: MPQUIC-supported ITSN network architecture.

in the same orbit is denoted by R1, while R2 represents the radius of the satellite
footprint.

At time t1, H1 is in the footprint of satellite G1 by which the first MPQUIC
subflow denoted by F0 is created. In the presence of satellite movement, H1 enters
into the handover (HO) area after a while, in which the HO area refers to the area
where the footprint of two adjacent satellites overlaps. Within the HO area, H1 can
create a new subflow F1 by attaching its second interface to the reachable satellite.
Denote by d1 the distance traveled from the point at which H1 enters the HO area to
the point at which it exits. When H1 moves out of the HO area, we assume that the
northernmost satellite becomes unreachable and the associated connection has to be
migrated to a new coming satellite. For example, at the time t3 when H1 approaches
to edge of the footprint of G1, we assume that the received signal strength (RSS) of
the interface associated with F0 is below a threshold, which triggers service outage
and MPQUIC immediately migrates the connection of F0 seamlessly by attaching to
the available satellite G2 while maintaining the connection continuity of F1. As time
goes by, H1 will re-enter and leave the new HO area periodically. d2 is the distance
between the current HO area and the subsequent one.

3.3.2 Problem Statement

To investigate the problem, we first give the discrete-time topology states as shown
in Fig. 3.3. The network topology undergoes periodic changes. Except for state s1

where only one subflow is established at the beginning, two subflows between H1 and
H2 are created in subsequent states. In state s2, as H1 enters the HO area, the two
subflows connect to two different satellites. In state s3, when H1 moves to an area
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where only one satellite is visible, both subflows connect to the same satellite. This
cyclic pattern of connectivity switching is a characteristic of the network topology in
this scenario.

OLIA [78] has been widely adopted as a multipath-based congestion control algo-
rithm for MPTCP and MPQUIC. Let R be the set of available paths, and wr and τr

are the current cwnd and RTT of path r ∈ R, respectively. The behavior of OLIA
during the congestion avoidance (CA) phase is summarized below:

• For each ACK on path r, increase wr by:

wr/τ
2
r(∑

p∈R wp/τp

)2 +
αr

wr

(3.1)

where αr is to guarantee the responsiveness of OLIA. By measuring the cur-
rent RTT and the number of transmitted bits since the last loss, it determines
whether a path is the best path or not. Then αr is positive for all best paths
with a small window and negative for paths that are not the best path while
having a maximum window, and it is zero for the path that already has the
maximum window.

• For each loss on path r, decrease wr by wr

2
.

For ITSN with large BDP and periodical topological changes, OLIA encounters
the following issues.

Bandwidth underutilization: OLIA suffers from bandwidth underutilization
given its slow-start probing strategy when initializing new subflows in states s1 and
s2. The time required by the slow start (SS) to reach a bit rate C is

tSS = τ ·
(
1 + log2

C · τ
l · Ω

)
,
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where l is the average packet length expressed in bits, and Ω represents the initial
cwnd. For instance, given that C = 200 Mbps, τ = 100 ms, l = 1 KB, and Ω = 1

MSS, we have tSS = 1.13 seconds which is too slow. In addition, upon the reception
of a packet loss signal, OLIA will decrease cwnd by half and switch to the CA phase,
and increase cwnd additively as in (3.1) to probe for the capacity of high-BDP links,
which takes long time.

Inaccurate congestion signal: Under the frequent handover ITSN scenario,
packet losses may be due to handover or channel impairments. MPQUIC may mis-
interpret the unexpected loss signals as congestion and decrease cwnd afterward,
degrading the network throughput.

Responsiveness: OLIA mainly relies on α in (3.1) to adapt to network condi-
tions, and α is only updated when receiving an indication of packet loss. However,
for unexpected events such as topology change, OLIA cannot perceive it, leading to a
slow response in terms of cwnd adjustment. Assuming in the state s2, the two disjoint
paths both have an available bandwidth of 200 Mbps, the cwnd of F0 and F1 can be
up to about 1000 MSS. After the state changes from s2 to s3 if F0 hands over from
G1 to G2, F0 and F1 have to share the bottleneck links where the bandwidth is 200
Mbps. In this case, if OLIA is unaware of the state change and keeps w0 and w1 at
1000 MSS unchanged, the overflow would occur at the bottleneck links.

The root cause of these problems boils down to one key challenge: MPQUIC at
the transport layer is unable to differentiate between fluctuations in network con-
ditions caused by congestion and those caused by mobility and handover. Thus, a
mobility-aware congestion control algorithm for MPQUIC (MACO) is proposed, con-
sisting of two components: BDP-Inspired Quick Start and Mobility-Aware Congestion
Avoidance.

3.4 BDP-Inspired Quick Start

In this section, a quick start (QS) alternative is proposed to tackle the bandwidth
under-utilization issue during the SS phase.

Since path BDP reflects the network capacity, it is wise to set the SS thresh-
old (SST) at BDP first, as cwnd can quickly approach SST. Here, two key points
should be considered: how to capture the variable BDP accurately at a low cost
(Algorithm 3), and how to quickly approach the network capacity without severe
congestion consequences (Algorithm 4).
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Algorithm 3: BDP Estimation in ITSN
Input : {Pt, dr, Nr, CAr,t, CNr,t}, ∀r ∈ R
Output: Br(t).

1 Initialization at time t0
2 t← t0;
3 CAr,t, CNr,t ← 0;

4 CAr,t ← η ·W log2(1 +
Ptg1g2

(4πdr/λ)2NrW
);

5 Estimate Dr,t using Eq. (3.11);
6 if t == t0 then
7 Br(t)← CAr,t ∗ Dr,t ;
8 return Br(t);
9 else

10 while new ACK received at t do
11 Update St, St−1, τr;
12 CNr,t ←

St−St−1

∆t
;

13 Update CNr,t using AKF;
14 Cr,t = min{CAr,t, CNr,t};
15 Br(t) = 1

τr

∫ t

t−τr
Cr,t ∗ Dr,zdz;

16 return Br(t)

3.4.1 BDP Estimation in ITSN

By definition, the BDP of path r at time t, Br(t), is the product of the available
bottleneck bandwidth of the tagged flow, Cr,t, and the round-trip propagation delay
Dr,t. Algorithm 3 summarizes the procedures of BDP calculation. Lines 1–8 aim
to obtain the path BDP in the first RTT, and lines 9–15 present how to utilize the
feedback received to further improve the BDP estimation accuracy. The details of
these two parts are given in Sections 3.4.1 and 3.4.1, respectively.

Bottleneck at Access Links

As stated in [153], the bandwidth of ground-to-satellite wireless links is relatively
low compared to other optical wired or wireless links, so the access link is likely the
bottleneck. Under this assumption, we can derive the bottleneck bandwidth without
lengthy network probing. In particular, the sender could quickly realize the access
link status in the first RTT, as depicted in lines 6–8 of Algorithm 3, and initiate
the data transmission over each path. This feature proves advantageous in scenarios
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Figure 3.4: Measurements over Starlink LEO networks.

where the RTT is excessively long.
To gain insights into the realistic situation of LEO access networks, we acquired

several Starlink dishes and subscribed to LEO services provided by SpaceX so that
we can measure the realistic E2E path condition changes over time. By conducting
pings to a peered device in Seattle, US from Victoria, Canada, we have captured the
fluctuations in network bandwidth, RTT, and packet drop rate over a subflow. The
data traces from a 100-second interval on April 21, 2023, are depicted in Fig. 3.4.
With the observation from extensive measurement studies, we have noted that the
handover between the end host and satellites occurs approximately every 15 seconds.
This frequent handover results in significant fluctuations in the throughput perfor-
mance as shown in Fig. 3.4(a). However, due to the periodic satellite movements,
the change of throughput appears good regularity so that predicting the bandwidth
of access links without probing is feasible.

Denote by CAr,t the time-varying bandwidth associated with ground-satellite links.
Recall the description of {v, d1, d2, R1, R2} in Section 3.3.1, d1

v
= 2R2−R1

2v
defines the

interval of state changes from the disjoint to shared state, e.g., from s2 to s3, and
d2
v
= 2R2−2d1

v
characterizes the interval of opposite changes, that is, from the shared

to disjoint state. As a result, we can predict which satellite will be associated with
subflow r at time t, as well as the distance between access satellites and H1. Let dr(t)
be the distance of Fr to their accessed satellites at time t, using the path-loss model,
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we have [63,111]

SNRr =
Ptg1g2

(4πdr/λ)2NrW
. (3.2)

In (3.2), Pt stands for the transmit power, g1 is the transmitting antenna gain, g2 is
the receiving antenna gain, λ is the signal wavelength, Nr is the noise power spectrum
density (watts per hertz), and W denotes the bandwidth of the spot beam. Here we
omit the symbol t of each parameter for simplicity.

Finally, the data rate of the ground-satellite link can be estimated by

CAr,t = η ·W log2(1 + SNRr), (3.3)

where η ∈ (0, 1) is the efficiency coefficient of the system, depending on many factors,
e.g., hardware and software design, as well as the modulation and coding schemes.

Bottleneck at the Network Side

In the above subsection, we operated under the assumption of the existence of direct
links between end hosts and satellites, where the link capacity typically mirrors the
bottleneck bandwidth. In this subsection, we focus on how to determine the bottle-
neck link capacity in scenarios where direct links between end hosts and satellites are
lacking, or when subflows encounter bottlenecks at non-access links, such as inter-
satellite links or terrestrial networks, referred to as bottlenecks at the network side.
Denote by CNr,t the time-varying bottleneck bandwidth at the network side.

Since bottlenecks could occur on any intermediate links that make up the con-
nection, the sender can estimate CNr,t by measuring acknowledgments (ACKs). Lines
11–13 of Algorithm 3 describe two steps to derive CNr,t: real-time measurement based
on ACK packets, and correction with the Adaptive Kalman Filter (AKF).

Given the self-clocking feature, a common approach to measure CNr,t is to send
a few packets back-to-back over subflow r, and then monitor the timestamps of the
received ACKs to estimate bottleneck bandwidth. Assuming St and St−1 are the total
amounts of data received by the mobile host at successive measurement time instants
t and t− 1, CNr,t is measured with

CNr,t =
St − St−1

∆t
. (3.4)

However, the measured CNr,t in this manner is likely biased due to many reasons,
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e.g., the sending window is too small during slow-start to match the actual network
capacity so that the instantaneous CNr,t is much lower than it should be, or some
neighboring satellites are unreachable due to angle issues so that the routing path is
a detour, leading to a longer ∆t and consequently an underestimated CNr,t.

Therefore, we utilize an Adaptive Kalman Filter (AKF) [75] to remove the noise
from the estimation of CNr,t. Given limited measured samples, AKF can still quickly
narrow down to the truth by taking a few of those inputs by understanding the
variation or the uncertainty of those inputs. The standard Kalman filter goes through
two stages to acquire the final estimate as follows.

The first stage is prediction, in which the estimated capacity (CNr,te) of path r and
the estimation errors Zr,t are updated as

CN−
r,te = CN+

r,t−1 + δr,t, (3.5)

Z−
r,t = Z+

r,t−1 +Qr, (3.6)

where the superscript "+" indicates that the estimate is a posterior, and "-" indicates
a prior estimate. δr,t stands for white Gaussian noise with zero mean and variance
Qr, which depends on network uncertainties such as satellite mobility.

The second stage is correction. The measured network capacity is assumed dis-
turbed by a white Gaussian noise vr,t with zero mean and variance Rr, such that

yr,tm = CNr,tm + vr,t. (3.7)

Here CNr,tm is the instantaneously measured value at time t, using (4.10). Then the
critical Kalman gain is derived by

Kr,t = Z−
r,t

(
Z−

r,t +Rr

)−1
, (3.8)

with which we can determine whether the predicted value or measured value is closer
to the true value. Let ĈN

r,t and Ẑr,t be the final correction for the predictions of CN−
r,te

and Z−
p,t, we have

ĈN
r,t = CN−

r,te +Kr,t

(
yr,tm − CN−

r,te

)
, (3.9)

Ẑr,t = Z−
r,t −Kr,tZ

−
r,t. (3.10)

The corrected values ĈN
r,t and Ẑr,t will serve as the posterior states influencing
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future rounds of corrections. This approach results in a reduction of estimation errors
over time, consequently reducing noise within CNr,t1.

Dr,t Estimation

Dr,t can be decomposed into the propagation delay Dul,t and Ddl,t over the ground-to-
satellite and satellite-to-ground links, and the delay Dterr,t within terrestrial networks.
The former has significant variation due to the changing distance between ground sta-
tions and satellites. Since we can derive the distance dr as described in the above
subsection, Dul,t and Ddl,t can be calculated by dividing the distance by the propa-
gation speed, approximately 3× 108 m/s. Comparatively, Dterr,t is more stable with
fewer variations [35]. According to Fig. 3.4(b), the 99th percentile of the RTT for each
subflow is 100 ms. Therefore, we can empirically set Dterr,t to a constant value at the
first RTT. Upon receiving new ACKs in the subsequent rounds, the estimated delay
could be updated, e.g., using an exponentially weighted moving average (EWMA).

Therefore, Dr is given by

Dr,t = 2 ∗ (Dul,t +Ddl,t +Dterr,t). (3.11)

BDP Estimation

As summarized in Algorithm 3, after obtaining CAr,t and CNr,t through lines 4–13, Cr,t
is given by

Cr,t = min{CAr,t, CNr,t}, (3.12)

and the path BDP is derived by

Br(t) = Cr,t ∗ Dr,t. (3.13)

Br(t) in (4.8) represents instantaneous BDP information immediately following
the reception of a new acknowledgment. However, it does not consider the band-
width fluctuations caused by the rapid movement of satellites during the subsequent
transmission round. Therefore, directly utilizing Br(t) to regulate cwnd settings is

1To implement the Kalman filter effectively, knowledge of the covariances for prediction and
measurement noise, denoted as Qr and Rr, respectively, is essential. However, in our case, these
parameters are initially unknown and may vary with changes in the network environment over time.
To address this challenge, we can employ the Least Squares method to estimate them based on the
autocorrelation of the innovation signal, as outlined in [115].
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not ideal. To cope with this challenge, we average out the BDP within the successive
RTT in the following manner,

Br(t) =
1

τr

∫ t

t−τr

min{CAr,z, CNr,z} ∗ Dr,zdz, (3.14)

in which Br(t) is used to guide the QS as presented in the next subsection.

3.4.2 QS

The key idea behind the QS is to set SST to the averaged BDP Br(t) in the first RTT.
Next, to approach SST faster, we set the initial window of each subflow r, denoted by
Ωr(t) to a larger value based on historical information, rather than a small constant
all the time. Algorithm 4 states how the QS performs in a general case where the
number of established subflows might be greater than 2.

For ease of understanding, we take a two-subflows example as shown in Fig. 3.5
to elaborate the QS design as follows.

When MACO users join the network and the first subflow F0 is created, there is
no historical information for the F0. When the w0 is below 4 maximum segment size
(MSS), it is impossible to trigger fast retransmission to recover lost packets, and thus
w0 is initially set to 4 MSS, i.e., Ω0(t0) = 4 MSS as shown in Fig. 3.5. Starting with
Ω0(t0), w0 is increased by 1 MSS per ACK until reaching the SST.

Because MPQUIC subflows share some similarities w.r.t. access link capacity,
E2E hop count, packet loss rate, etc., the window change trajectory of F0 is valuable
in guiding the selection of Ω1(t) for F1. Suppose F0 has sent a certain amount of data
and experienced network congestion subsequently. We record the associated cwnd
information (w∗

0(t)) whenever congestion occurs and store them into a set W0, i.e.,
W0 = {w∗

0(t)}, as described in the line 4 of Algorithm 5. Therefore, when starting
up F1 at t3 as shown in Fig. 3.5, the BDP of F1 denoted by B1(t3) is first calculated
using Eq. (3.14), and then F1 checks if historical records exist. Since W1 is empty
at t3 while W0 has an element of w∗

0(t2), as depicted in lines 7–12 of Algorithm 4,
Ω1(t3) would be determined by both B1(t3) and W0 in the following way

Ω1(t3) = γ ·min{B1(t3), w∗
0(t2)}. (3.15)

Here we introduce a coefficient γ to ensure the initial window is not only large enough
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Algorithm 4: QS
Input : Wr, ∀r ∈ R
Output: cwnd value during the SS phase.

1 if a new subflow Fr is created or a broken subflow is reconnected then
2 // Set an initial cwnd for Fr

3 if Wr ̸= ∅ then
4 wmax ← max{wr(t)};
5 Ωr(t) = γ ·min{Br(t), wmax};
6 else
7 if ∃ Wq

q∈R(q ̸=r)

̸= ∅ then

8 wmax ← 0;
9 foreach q ∈ R(q ̸= r) do

10 if wmax < max{wq(t)} then
11 wmax ← max{wq(t)};
12 Ωr(t)← γ ·min{Br(t), wmax};

13 else
14 Ωr(t)← 4 MSS;

15 wr ← Ωr;

16 else
17 // Increase the cwnd exponentially with RTT
18 wr ← wr + # of ACKs ;

19 return wr

but also safe to start, and empirically, γ is set to 1/2.
After states s1 and s2, both F0 and F1 have the transmission records and maintain

their own set Wr (r = {0, 1}) for the subsequent states reference. Thereby, when
Fr enters into the SS process again upon the occurrence of timeout or connection
breakage, the corresponding Ωr(t) can be generalized as

Ωr(t) = γ ·min{Br(t),max{w∗
r(t)}}, (3.16)

which corresponds to the lines 3–5 in Algorithm 4.
In conclusion, in the QS procedure, MACO strives to start with an appropriate

Ω by learning from the recent past and taking advantage of good similarity among
different subflows in the ITSN scenario; after the cwnd reaches the SST, MACO steps
into CA phase as elaborated in the following subsections.
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Algorithm 5: Mobility-Aware Congestion Avoidance
Input : {wr, τr, Cr(t− 1),Dr(t− 1), TPr (t)}, ∀r ∈ R
Output: cwnd changes during the CA phase.

1 Con_I⇐ 1{TPr (t) < Cr(t− 1)};
2 Con_II⇐ 1{τr(t) > Dr(t− 1) + ∆R};
3 if packet loss ∧ Con_I ∧ Con_II then
4 Wr ←Wr ∪ wr;
5 wr ← wr/2;

6 else
7 Tr = max

t∈{t0,t1,··· ,tn}
τr(t);

8 foreach k ∈ R do
9 xk ← wk(tn)

τk(tn)
;

10 wr ← wr +
3maxr∈R x2

r

√
Tr

2τr(
∑

k∈R xk)
5
2
;

11 return wr

3.5 Mobility-Aware MPQUIC Congestion Avoidance

Due to high-speed satellite movement, frequent handovers severely impair the quality
of experience (QoE) for users [156]. To provide good QoE, the CA design is driven by
three goals: 1) Distinguish the congestion loss from handover loss to avoid unnecessary
cwnd reduction. 2) Maintain fast convergence to the network capacity. 3) The total
throughput of multiple subflows in the handover process should be no less than the
throughput that a single-path TCP can achieve. Algorithm 5 concludes the CA
design part.

3.5.1 Mobility-Aware Factor Design

For each subflow r, a mobility-aware factor hr ∈ {0, 1} is introduced to help identify
the true congestion signal. According to lines 1–3 of Algorithm 5, MACO takes
into account three conditions to detect if the network is congested, i.e., packet loss
signal along with two conditions given in (3.17). Only if the three conditions are both
satisfied, the network is identified as congested and hr = 1. Otherwise, hr = 0.{

TPr (t) < Cr(t− 1),

τr(t) > Dr(t− 1) + ∆R,
(3.17)
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Figure 3.5: Window growth model of MACO.

where TPr(t) is the available bandwidth measured by (4.10) at the t-th sampling time
when receiving an ACK, while Cr(t − 1) is the predicted access link bandwidth by
(3.3) at the (t− 1)-th sampling time right before sending packets. Similarly, τr(t) is
the measured RTT at time t, and Dr(t− 1) is the estimated propagation delay using
(3.11) at time t − 1. Considering the unavoidable estimation error of delay, ∆R is
a factor that represents the standard deviation of the differences between the recent
RTT measurements and the corresponding estimated ones.

3.5.2 CA Design

In general, the CA algorithm devises a specific control policy governing the increase
term (Ur) for each acknowledgment and the decrease term (Vr) triggered by packet
loss signals. In our model, Vr is intrinsically tied to system stability and is typically set
to half of the current congestion window, i.e., Vr =

wr

2
. This value remains constant,

and our primary focus centers on the design of Ur for each subflow r.
To meet the fast convergence goal, the AIMD scheme is undesirable in high-BDP

networks. Instead, a function that grows aggressively when the current cwnd is far
away from BDP and grows conservatively when the cwnd is approaching the BDP
is more desirable. The square-root function presented in the recent proposal named
Elastic-TCP [9] can fulfill our requirements with low complexity, so we employ a
similar function to design Ur for each subflow r in the CA phase. Fig. 3.5 depicts
how the cwnd is tuned with the square root increasing model during the CA phase.

Authors in [51, 109] formulated the CA process of MPTCP as a fluid model to
facilitate the analysis of certain flow level properties, e.g., friendliness, convergence,
and stability. [109] concluded that ∂ϕr(XR)

∂XR
determines the convergence speed to the
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equilibrium locally if the system is perturbed by unexpected factors (e.g., handover),
where ϕr is the ratio of Ur to Vr and XR(t) = (xr(t), r ∈ R), and xr = wr/τr,
indicating the transmission rate on subflow r.

Let xr(t) = wr(t)/τr denote the transmission rate of subflow r at time t

To achieve the same convergence property as Elastic-TCP, MACO should have(
∂ϕr

∂XR

)MACO

=

(
∂ϕr

∂XR

)Elastic−TCP

. (3.18)

In addition, according to the Theorems in [51], an equilibrium of the system does
exist if ϕr(XR) of MACO can be generalized as

ϕr (XR) =
θr
xr

, (3.19)

where θr > 0 is a variable depending on different convergence rate requirements.
Since (

∂ϕr

∂XR

)Elastic−TCP

= −
3
√

TrxTCP
r

τ 2r (x
TCP
r )3

, (3.20)

where Tr is the maximum RTT the subflow r has ever experienced, which will be
updated upon reception of a new ACK, we have

− θr
x2
r

= − 3
√
Tr

τ 2r (x
TCP
r )

5
2

. (3.21)

In addition, to ensure goal 3) that the multiple subflows maintain at least the same
aggregate throughput as co-existing Elastic-TCP, we have

∑
k∈R xk = maxr∈R

(
xTCP
r

)
.

Furthermore,

max
r∈R

(
xTCP
r

) 5
2 =

(∑
k∈R

xk

) 5
2

= max
r∈R

3x2
r

√
Tr

θrτ 2r
. (3.22)

Then,

θr =
3maxr∈R x2

r

√
Tr

τ 2r
(∑

k∈R xk

) 5
2

. (3.23)

Hence, we obtain

ϕr (XR) =
3maxr∈R x2

r

√
Tr

τ 2r xr

(∑
k∈R xk

) 5
2

. (3.24)
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Given Vr, we can obtain the solution of the increment term Ur (XR) as below,

Ur (XR) =
3maxr∈R x2

r

√
Tr

2τr
(∑

k∈R xk

) 5
2

. (3.25)

Finally, The CA algorithm is summarized in Algorithm 5:

• In the CA phase, for each ACK on Fr,

wr ← wr +
3maxr∈R x2

r

√
Tr

2τr
(∑

k∈R xk

) 5
2

, (3.26)

3.5.3 Time complexity analysis

In this subsection, we briefly analyze the complexity of our algorithms in terms of
time consumption.

In Algorithm 3, the operations of each step can be done in constant time, so the
time complexity is O(1).

For Algorithm 4, the time complexity is mainly affected by line 4 and lines 9–12.
To find out the maximum wr(t) in the set Wr in line 4, we may need to compare
each element with the current maximum in the worst case. Therefore, line 4 has a
time complexity of O(m) where m stands for the number of occurrences of congestion
over path r. The task of lines 9–12 is to search the maximum value across R − 1

sets, where R indicates the number of subflows that MPQUIC has established and
used. Under the assumption that each subflow maintains the same magnitude of the
number of congestion occurrences, the running time of lines 9–12 is mR −m. As a
result, the time complexity of Algorithm 4 is O(mR).

Similarly, in Algorithm 5, the line 7 and lines 8–9 contribute n and R running
times, respectively. Here n represents the number of RTT records for a certain path.
Consequently, the overall time complexity is O(n+R).

3.6 Performance Evaluation

In this section, we conduct extensive experiments to verify the performance of MACO
in the ITSN scenario, in comparison with the following benchmarks:

1. BBR: Similarly to ours, BBR is a BDP-inspired congestion control algorithm,
which has been extensively studied in satellite networks thanks to its BDP-aware
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Figure 3.6: Simulation topology.

features. BBR with multipath support is not yet available since the coupled de-
sign of the pacing gain rate for multiple paths remains an open issue. Therefore,
we currently use BBR as the single-path benchmark in ITSN scenarios.

2. OLIA: OLIA has been widely adopted as the congestion control algorithm for
MPQUIC. It aims to achieve the Pareto-optimal cwnd regulation and good
fairness towards single-path users. Extensive experiments demonstrate that
OLIA achieves great bandwidth utilization under various network settings.

In comparison with single-path-based (i.e., BBR) and multipath-based (i.e., OLIA
and MACO) solutions in mobile environments, we can gain insights into the effi-
ciency of multipath transmission in dealing with seamless handover. With respect to
the multipath packet scheduling policy, we employ the round-robin algorithm for all
multipath-based solutions. On the other hand, the comparison between loss-based
(i.e., OLIA) and BDP-based (i.e., BBR and MACO) solutions reveals how they react
to high BDP networks and how the E2E QoS performance will be affected.

3.6.1 Prototype Implementation

To begin with, we extended the existing QUIC module [6] to MPQUIC based on ns-
3 in accordance with the Internet Engineering Task Force (IETF) draft2 on MPQUIC.
We refer readers to [124] and our open-source code at https://github.com/ssjShirley/mpquic
for the implementation details of MPQUIC-ns3.

Based on the MPQUIC prototype, we further create two mobility modules: one for
the LEO satellite constellation, and the other for facilitating end devices interacting

2https://datatracker.ietf.org/doc/draft-deconinck-quic-multipath/

https://github.com/ssjShirley/mpquic
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Figure 3.7: Cross-layer architectural blueprint.

with the LEO satellites. They are responsible for configuring and maintaining the
position of satellites and end hosts. As satellites move, end hosts can continuously
calculate their distance to orbiting satellites, while also assessing the SNR of each
interface.

To let the transport layer be aware of the SNR changes at the link layer, as
illustrated in Fig. 3.7, we introduce a database in the control plane to enable the
cross-layer interactions on which the MACO algorithm is implemented.

Through the creation of interfaces that connect the layers to the database, the
data stored in the database is accessible to protocol functions across different lay-
ers. For instance, whenever the access link conditions change, the link layer acquires
parameters such as Basic Service Set Identifier (BSSID), Received Signal Strength In-
dicator (RSSI), etc. These parameters are then recorded in the database, enabling the
transport layer to retrieve this information. Note that the presence of the database
does not change the conventional layered structure, and the encapsulation and de-
capsulation processes do not involve the data stored in the database. Therefore, this
architecture is backward compatible.

3.6.2 Experimental Scenario and Settings

Fig. 3.6 depicts the topology we used, in which a client and a server engage in com-
munication through two satellites. Two MPQUIC subflows are established between
the sender and the receiver. Concurrently, background TCP flows are generated to
traverse through the same satellites, competing with the MPQUIC flows.

According to the parameters outlined in [118] and the specifications reported by
Starlink3, we simulated an LEO satellite constellation with an altitude of 550 km, and
the distance between two adjacent satellites in the same orbit R1 is set to 150 Km.

3https://www.astronomy.com/space-exploration/starlink-satellite-streaks-how-big-of-a-problem-
are-they/
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Table 3.2: The setting for parameters in (3.2) and (3.3)

Parameters Value
g1 37.7 dBi
g2 37.1 dBi
λ 0.086 m
Nr 1.6× 10−20 W/Hz
η 0.98
W 12.5 MHz

The satellite’s moving speed is 7 km/s, and each satellite has a footprint diameter of
about 460 km.

By referring to recent studies [33, 102, 111], some parameter settings in (3.2) and
(3.3) are given in Table 3.2. Combining with our measurement results presented in
Fig. 3.4(a), which shows the achieved throughput, we configure the transmit power Pt.
For instance, considering that the throughput peaks at 200 Mbps when the distance
is minimized to 550 km, we assign values of 200 Mbps and 550 km to CAr,t in (3.3) and
dr in (3.2), respectively. By substituting these values into (3.3) and (3.2), Pt is 35.12
dBm.

3.6.3 Experimental Results

With the settings above, we compare MACO with benchmark algorithms in terms of
four aspects: cwnd adaptation, throughput, TCP friendliness, convergence, and the
impact of satellite density and BDP.

Congestion Window Adaptation

The cwnd is a critical aspect of congestion control design, as it illustrates how an
algorithm adjusts its cwnd in response to changing network dynamics. For BBR
which does not employ a traditional cwnd concept, we rely on the pacing rate as an
indicator of its adaptive behavior. Fig. 3.8 presents the cwnd regulation over time.

With an average RTT of 100 ms, it’s noteworthy that 500 MSS is roughly equal
to an effective sending rate of 60 Mbps. An insightful observation can be drawn from
the data depicted in Fig. 3.8, that is, MACO consistently maintains the largest cwnd
on average, followed by BBR, with OLIA displaying the smallest cwnd.

Fig. 3.8(a) illustrates the frequent oscillation in the pacing rate of the BBR
congestion control algorithm. This behavior arises from BBR’s aim to keep router
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Figure 3.8: The cwnd adaptation of different algorithms over time.

queues at the bottleneck link consistently empty by precisely matching the bottleneck
link’s rate limit. When a BBR flow coexists with another NewReno flow over a shared
bottleneck, the latter tends to aggressively fill up the queue until packet loss occurs.
In contrast, BBR triggers its draining function to empty the queue, which, in turn,
limits its pacing rate. Consequently, the pacing rate of BBR is suppressed when it
shares the bottleneck link with other traffic.

Comparing the cwnd trace of OLIA with MACO as shown in Fig. 3.8(b) and
Fig. 3.8(c), respectively, it is evident that MACO maintains a higher average cwnd.
Despite MACO showing a higher variation in the cwnd value, it ensures that the lower
bound of cwnd is equal to or greater than OLIA’s counterpart. This outcome can
be attributed to MACO’s QS and fast recovery mechanisms. In scenarios involving
both mobility and competing traffic, the likelihood of packet losses increases. Unlike
MACO, OLIA cannot distinguish congestion-induced losses from losses caused by
mobility. As a result, cwnd degradation occurs frequently in OLIA, limiting the
cwnd to under 100 MSS after 5 seconds. This value is significantly smaller than
MACO’s counterpart, which is 300 MSS.

Throughput

Fig. 3.9 demonstrates the throughput of each algorithm under the impact of TCP
background traffic. By comparing the throughput of BBR, OLIA, and MACO, we
observe that they all suffer from frequent fluctuations in the presence of satellite
movement. On the other hand, the throughput of BBR ranges from 5 Mbps to
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Figure 3.9: Throughput performance of each algorithm when processing QUIC
traffic in the presence of TCP background traffic controlled by NewReno: (a) BBR,
(b) OLIA, (c) MACO.
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Figure 3.10: The CDF of E2E packet delay.

15 Mbps, which is comparatively low because BBR is a single-path-based solution.
Nevertheless, BBR outperforms OLIA after 22 seconds even though OLIA reaches
38 Mbps in the first 22 seconds. This result reveals that the loss-based congestion
control is not suitable for the high-BDP as well as highly lossy networks. Compared
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to BBR and OLIA, the throughput curve of MACO fits the Starlink measurements
shown in Fig. 3.4(a) better, and that is the reason why MACO can achieve up to
three times higher throughput record.

Fig. 3.10 illustrates the CDF of per-packet E2E delay with different algorithms.
The 95th percentile of E2E delay is 101 ms for MACO, and the counterparts of
OLIA and BBR are 130 ms and 132 ms, respectively. It implies that the throughput
improvement achieved by MACO does not lead to longer queuing delays.

As analyzed earlier, filtering out non-congestion-related loss signals from congestion-
related loss signals is crucial for throughput improvement as the large proportion of
non-congestion-related loss leads to unnecessary cwnd decrement. We measured the
number of congestion losses detected by different algorithms. In this scenario, MACO
and BBR both receive a similar number of congestion signals, specifically 71 and 69
respectively. However, OLIA experiences a much higher number of congestion losses,
totaling 128, leading to significant degradation of its cwnd.

TCP Friendliness

TCP-friendliness is a crucial characteristic of multipath congestion control algorithms.
It ensures that the combined throughput of multiple subflows sharing a bottleneck
with TCP flows does not exceed the throughput achieved by TCP. When the band-
width is limited while both TCP and MPQUIC request a large amount of bandwidth,
we need to consider it to ensure fairness. However, if the bandwidth resources are
sufficient or the TCP user does not request much bandwidth, MPQUIC can still grab
more bandwidth as demand. In our experiments, handover occurs every 15 seconds,
resulting in the two MPQUIC subflows accessing the same satellite and sharing the
bottleneck with TCP background traffic regulated by NewReno every 30 seconds, as
shown in Fig. 3.3. The bottleneck-shared events are marked in Fig. 3.9(b) and 3.9(c).
The aggregated throughput of OLIA or MACO is nearly equal to or lower than that
of TCP during these events, indicating their TCP friendliness. Furthermore, MACO
demonstrates TCP friendliness while also striving for higher throughput. It achieves
this by aggressively increasing the congestion window when the network capacity is
far from being reached and adopting a more conservative approach as it approaches
the network capacity. Although OLIA meets the requirement of TCP friendliness, it
fails to outperform TCP whenever there is no shared bottleneck.



69

0 0.1 0.2 0.3 0.4

Recovery time (s)

0

0.2

0.4

0.6

0.8

1

C
D

F

 MACO

 OLIA

(a) SS duration

0 0.2 0.4 0.6 0.8

Recovery time (s)

0

0.2

0.4

0.6

0.8

1

C
D

F

 MACO

 OLIA

(b) CA duration

Figure 3.11: Convergence analysis when background traffic exists.
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Figure 3.12: The impact of link bandwidth on the completion time at varying
satellite density.

Convergence

Since the system could be affected by unexpected factors in ITSN, e.g., satellite
availability and weather conditions, maintaining a fast convergence to the network
capacity is crucial. To evaluate the convergence performance, we measure the recovery
time from the moment that the subflow enters a specific phase (i.e., SS or CA) until
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Figure 3.13: The impact of propagation delay on the completion time at varying
satellite density.

the moment that the cwnd reaches the path BDP.
In the existence of TCP flows, we observe that MACO is more responsive during

either stage compared to OLIA, which is the major reason behind the throughput
and delay improvement as depicted in Fig. 3.9 and Fig. 3.10. Fig. 3.11(a) shows
that the 99th percentile of the recovery time in the SS phase for MACO and OLIA is
129.4 ms and 470.3 ms, respectively, and the counterpart in the CA phase for MACO
and OLIA is 204 ms and 770.3 ms, respectively. On the other hand, compared to
the convergence performance in the case without competing traffic, the recovery time
of MACO and OLIA in the CA stage is increased by 22.7% and 30.8%, respectively.
The comparison results demonstrate that MACO substantially optimizes the system
convergence against OLIA in various scenarios.

The Impact of Satellite Density and BDP

Over time, an increasing number of satellites are being launched, resulting in denser
satellite distributions across space. In this subsection, we conduct a series of exper-
iments investigating how the satellite density affects the performance of each algo-
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rithm. Here we systematically tune the value of inter-satellite distance R1 to adjust
the satellite density. The smaller the R1, the denser satellites are deployed. For vari-
ous applications, including file transmission, the time it takes to complete the transfer
of a specific file size serves as a critical performance metric that gauges the effective-
ness of a congestion control algorithm. Therefore, the completion time is adopted as
a metric for performance evaluation.

In addition, we aim to discover the influence of the changing BDP on the comple-
tion time of file transmission. Given the BDP is dependent on both bandwidth and
delay, we manipulate the two parameters individually to discover how each of them
affects the results. Unless specified otherwise, all other configurations, such as trans-
mit power and satellite moving speed, remain consistent with the settings mentioned
above.

Fig. 3.12 depicts our findings on how link bandwidth influences the completion
time when transmitting a 10 MB file at various R1 values. From these results, two
key observations can be made. Firstly, increasing bandwidth is beneficial for MACO
to speed up the file transfer algorithm. However, for BBR and OLIA, incremental
bandwidth fails to substantially decrease completion time when R1 is either too long
or too short. This is attributed to the challenges that BBR and OLIA face in fully
utilizing bandwidth within highly lossy and mobile network environments. Secondly,
higher satellite density proves advantageous in certain scenarios, as denser satellite
distributions offer more stable access links and greater available link bandwidth. How-
ever, this advantage is not universally applicable, especially in cases where satellites
are ultra-dense distributed and the handover happens frequently.

Specifically, when R1 is less than or equal to 100 Km, we observe a reduction in
completion time for all algorithms as bandwidth increases. OLIA decreases BBR’s
completion time by 7.3% to 38.22%, while MACO reduces OLIA by 8.5% to 64.2%.
However, for scenarios where R1 is 80 Km, completion times for BBR and OLIA
initially decrease as bandwidth expands up to 20 MHz, but start to increase as band-
width exceeds 20 MHz. BBR outperforms OLIA such that it has a 1.3% – 56.5%
completion time reduction in this case, while MACO reduces the completion time of
BBR and OLIA by up to 6.5 and 20.6 s, respectively. Therefore, MACO consistently
achieves the shortest completion times across all scenarios. This relies on the advan-
tages of MACO’s ability to adapt to changes in bandwidth and employ multipath
transmission in mobile settings.

Fig. 3.13 investigates how algorithms respond to changing delays in diverse mobile
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scenarios. In all scenarios, an increase in E2E propagation delay leads to prolonged
completion times. MACO and OLIA outperform BBR when the delay is less than 250
ms as shown in Figures where R1 = 120 and 100 Km. However, in scenarios where the
delay surpasses this threshold, OLIA experiences performance degradation, resulting
in significantly longer completion times compared to MACO and BBR. Conversely,
MACO consistently achieves the shortest completion times across all scenarios. This
can be attributed to its ability to consider measured path bandwidth and RTT, al-
lowing it to distinguish congestion-related losses from handover losses. This approach
mitigates unnecessary cwnd decreases and detrimental retransmissions, particularly
in scenarios characterized by high delays.

In summary, the rising satellite density presents a dual-edged impact. While it
can enhance link quality, it can also introduce more frequent handovers and a higher
drop rate. When compared to BBR and OLIA, MACO consistently benefits from the
increasing density. This is primarily due to MACO’s ability to proactively reduce its
cwnd to mitigate the risk of significant packet loss before handovers take place, and
its rapid adaptation to network BDP changes in the presence of network perturba-
tions. Additionally, MACO demonstrates better stability in response to fluctuations
in bandwidth and delays.

3.7 Summary

This chapter presents an analytical framework for MPQUIC-enabled ITSN and pro-
poses a multipath congestion control algorithm called MACO, addressing three key
challenges. First, MACO tackles the low efficiency of benchmark algorithms in ITSN
by leveraging the regularity of LEO topology and predictability of satellite move-
ments to realize network capacity within the first RTT without prohibitive network
probing. Second, given the estimated network capacity and the similarity among
subflows, MACO develops a quick start (QS) mechanism to reduce the duration of
the slow start (SS) phase. Lastly, MACO addresses the issue of unsatisfactory con-
vergence by introducing a multipath-based fluid model to regulate cwnd on multiple
subflows. Simulation results show that MACO reduces the completion time by 64.2%
and achieves three times higher throughput against benchmark algorithms.
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Chapter 4

QoS-driven Contextual MAB for
Multipath Video Streaming in Mobile
Networks

After the two crucial designs for MPQUIC, scheduling and congestion control, have
been finished in the above 2 chapters, in this chapter, we shift our interests onto
promising applications in 6G networks, i.e., video streaming applications.

4.1 Introduction

We have witnessed a proliferation of video streaming applications on mobile devices.
The use of mobile phones for video conferencing is convenient for people outside of
their offices. By accessing real-time video from roadside units, self-driving vehicles
can be aware of what is happening behind corners and avoid dangerous blind spots.

To manage network dynamics while maintaining a good user experience, various
techniques such as adaptive bit rate (ABR) and scalable video coding (SVC) are
employed. Although SVC introduces inherent computational complexity, it holds
great promise for handling more advanced video formats, such as 360-degree videos,
with finer granularity and greater efficiency.

SVC encodes video once and decodes the bitstream multiple times with different
resolutions, frame rates, and video qualities. It enables video applications to demand
high reliability in delivering the most significant video data within tight deadlines
to avoid playback interruptions. Once the non-interruption condition is met, higher
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throughput is preferable for better video quality. However, using single-path trans-
mission is quite hard to provide high-quality video services for high-mobility users
due to the dynamic channel quality of the access link [143,159,166].

Consequently, multipath video streaming using multiple access links has been ex-
tensively investigated in recent years. MPDASH [61] introduces a deadline-aware
multipath scheduler into Dynamic adaptive streaming over HTTP (DASH) [128] and
takes user preferences into account. However, network states are time-varying espe-
cially when mobility is introduced, so MPDASH suffers from performance degradation
in dynamic systems. Deep Reinforcement Learning (DRL) is a powerful tool to fore-
see the variations of network states, allowing for a proactive action to meet QoS
demands [57, 94, 148, 169]. However, DRL-based techniques increase the algorithm’s
reaction time dramatically when the ongoing traffic deviates from the training traffic,
so they require a large amount of training data and suffer slow convergence [155].
Hence, Peekaboo [139] was proposed, in which a lightweight Reinforcement Learning
(RL) variant, contextual Multi-Armed Bandit (MAB) is employed to learn dynamic
characteristics of the heterogeneous paths when scheduling packets using multipath
QUIC (MPQUIC).

In addition to learning-based multipath scheduling, when Forward Error Correc-
tion (FEC) is used in conjunction with multipath transmission, the on-time packet
delivery reliability can be substantially enhanced [24,28,84,143]. ADMIT [143] inte-
grates FEC coding and rate allocation over multiple paths to maximize mobile video
quality using multipath TCP (MPTCP). In order to achieve QoS guarantee rather
than merely improving QoS, LEAP [24] splits data into multiple subflows according
to the data flow’s QoS requirements, as well as utilizing cross-path FEC coding to
trade off between throughput, delay deadline, and reliability.

However, in mobile environments, the existing learning-based or FEC-combined
multipath solutions encounter new challenges. Peekaboo faces challenges in effectively
dealing with the highly dynamic end-to-end (E2E) path state (context) in mobile en-
vironments, which means the dimension of context keeps increasing as time passes.
Therefore, the dependencies between context and QoS performance may take consid-
erable time to discover. Both Peekaboo and LEAP fail to fully explore the diversity of
access networks and do not proactively switch to a better one during user movements,
leading to significant performance degradation.

Based on the principle that the end system can take the input from the network to
optimize the configuration of the transport protocol [15], in this chapter, we develop
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a QoS-driven Contextual MAB (QC-MAB) framework for MPQUIC to support video
streaming in mobile networks. The main contributions are three-fold.

First, we formulate the access link selection and FEC configuration with the goal
of statistical QoS guarantee for video streaming as a contextual bandit problem,
considering the impact of mobility. In our approach, we design the context space to
include both access link features and E2E path conditions, which enables us to gain
insights into the effects of access network dynamics (e.g., caused by user mobility)
and backbone network dynamics (e.g., caused by network mobility) on QoS. Within
the QC-MAB framework, each arm consists of two actions: access network selection
and FEC configuration. Proactive network selection plays a crucial role in mitigating
the negative impact of mobility on QoS, and the packet-level FEC configuration can
effectively balance the delay, reliability, and goodput. Furthermore, the design of
rewards is shaped by the specific features of video streaming, that is, ensuring the
on-time delivery of base layer packets takes top priority, followed by the objective of
achieving higher goodput.

Second, to improve learning efficiency, we propose a context refinement strategy
consisting of two steps: context dimension reduction and context noise removal. By
finding correlations among different features observed by the agent, we integrate mul-
tiple correlated features into one to reduce the context dimension, thereby reducing
the learning time for determining the reward given the context. In addition, we uti-
lize the Adaptive Kalman Filter (AKF) and exponentially weighted moving average
(EWMA) approaches to remove the noise of the observed features so that the best
arms can be found quickly.

Lastly, we implemented QC-MAB and the benchmark algorithms for MPQUIC
in network simulator 3 (ns-3). On the basis of the implementation, we run the video
data extracted from a real movie to validate the performance of our proposal in terms
of video interruption ratio (IR), mean video quality, E2E delay for all BL packets,
and the aggregated goodput. The experimental results demonstrate that QC-MAB
outperforms the benchmark algorithms to achieve up to ten times lower IR and three
times higher goodput in highly dynamic mobile environments.

4.2 Related Work

The development of video bitrate adaptation and multipath transmission has greatly
pushed forward video streaming.
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Video rate adaptation. DASH [128] is agnostic of the video codec and can use
any codec including H.264/SVC [144] and H.265 [2]. It provides the opportunity to
adjust the video bitrate during playback for high QoE. With SVC, we can encode
video once and decode the bitstream multiple times with different resolutions, frame
rates, and video quality [14,177], so the encoding time and server storage space can be
saved, which is particularly important for live or high-quality stored video streaming.
There are also approaches for optimizing fixed QoE objectives based on playback
statistics such as buffer occupancy [64], or for altering QoE goals based on control
theory [168] or reinforcement learning [94, 172]. Recently, [92] designed a decision-
tree-based throughput predictor, named Lumos, to select the bitrate of video chunks
based on the network capacity. However, these approaches focus on scenarios with
single-path transmission and are sensitive to network uncertainties.

Multipath transmission. Multipath transport protocols, such as multipath
TCP (MPTCP) [164] and MPQUIC [32] have many potentials, such as bandwidth
aggregation, high-reliability provisioning, seamless handover, etc. Various multipath
schedulers [36, 112, 132, 133, 164] based on MPTCP or MPQUIC are proposed for
different scenarios and objectives. However, they do not consider the video QoS
requirements in their design.

The recent efforts for QoS provisioning with multipath delivery can be divided
into: 1) estimation model-based, e.g., [58,61,141,179], 2) learning-based policies, e.g.,
[10, 57,139,148,169], and 3) FEC-combined multipath schemes, e.g., [24, 28,84,143].

CMT-DA [141] utilizes the path status estimation to adjust sending rate across
multiple paths to minimize the E2E video distortion. MPDASH [61] takes user prefer-
ences into account, scheduling packets over multiple paths following the throughput
estimation to meet the user’s deadline or priority request. Both DEMS [58] and
DAMS [179] estimate RTT to schedule the sending order of video blocks with the
consideration of the block’s deadline.

However, the above solutions are sensitive to sudden network condition changes
which may occur frequently in mobile environments, so the learning-based approaches
have been investigated. [148] formulated the video streaming process over multiple
links as a reinforcement learning (RL) task to meet QoS goals in heterogeneous net-
works. ReLeS [169] formulated the multipath scheduling problem as an RL task with
the consideration of QoS characteristics under various network scenarios. PERM [57]
employed an actor-critic network to optimize the multi-path packet scheduling and
bitrate adaptation simultaneously. Nevertheless, RL/DRL-based techniques increase
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the algorithm’s reaction time dramatically [155]. Therefore, the lightweight contex-
tual multi-armed bandit (CMAB) [139] framework is more desirable for applications
with stringent QoS concerns. Alzadjali et al. [10] proposed an online MPTCP path
manager based on the CMAB to help choose the optimal primary path connection
that maximizes throughput and minimizes delay and packet loss. Peekaboo [139] is
a novel CMAB-based MPQUIC scheduler to cope with dynamically changed channel
conditions of the heterogeneous paths.

On the other hand, in the context of multipath, FEC coding can offer a great
chance to balance the tradeoff among QoS metrics. For instance, a Reed-Solomon
(RS) code is employed in ADMIT [143], a rateless Raptor code in FMTCP [28], and
a systematic random linear code in SC-MPTCP [84]. These works demonstrated that
FEC is well suited to maximizing goodput without violating delay requirements. The
closest work to our focus on QoS guarantee is LEAP [24] which uses RS code in
conjunction with adaptive congestion control over multiple paths to meet the QoS
requirements in terms of throughput, delay, and reliability.

In a nutshell, all solutions above have direct or indirect positive impacts on the
QoS performance of video streaming with multipath delivery. Yet none of them takes
into account the challenges and opportunities in mobile environments.

Mobility in 6G is ubiquitous and diverse. Not only end users but also backbones
(e.g., satellite networks) and access networks (e.g., UAV) could be mobile, which leads
to the fast-changing traffic density of each access network and the highly dynamic
congestion level of core networks. Both the estimation model-based and learning-
based solutions lose accuracy if they fail to consider the dynamics caused by mobility.

The access networks visible to an end host are changing all the time along with
movements, which implicitly offers a good opportunity to meet stringent QoS re-
quirements if the end host proactively switches to the access networks with better
characteristics.

Even though MMSPEED [40] and [101] focused on QoS guarantee with multipath
delivery in mobile environments, they differ fundamentally from our work because
they targeted sensing data exchange in wireless sensor networks, using the link-layer
approach rather than the transport-layer one.

Motivated by mobility challenges, in this chapter, we investigate the impact of
mobility on QoS performance for video streaming over MPQUIC.
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Figure 4.1: Overview of multipath video transmission in mobile networks.

4.3 System Model

4.3.1 Wireless Access Network Model

We consider a scenario where M access networks are densely distributed over a cer-
tain area, as shown in Fig. 4.1. Different types of access points, e.g., LTE/5G base
station (BS), WiFi access point (AP), and UAV/satellite AP, have different communi-
cation channels associated with different data rates, communication ranges, etc. For
simplicity, we use AP to represent all kinds of access points hereafter.

An MPQUIC-enabled mobile host (MH) is requesting video service from the video
service provider through multiple access networks simultaneously. MH moves in the
Random Walk Mobility Model (RWMM) manner, i.e., moves along a direction θ ∈
[0, 2π) with a constant velocity within a short time slot. At the end of each time
slot, the direction is reshuffled, independent from slot to slot and node to node. If
MH moves out of the communication range of the currently serving AP, known as a
service outage, a handoff occurs so that the MH can be served by another AP.

4.3.2 Multipath Transmission Model

A library F = {1, . . . , f, . . . , F} of video frames is stored in the video server. With
certain coding techniques, such as SVC, each frame f is encoded in several layers
to provide different qualities. The example in Fig. 4.1 shows the layered coding:
base layer (BL) and enhancement layers (ELs). The BL contains the low-resolution
information of each frame and renders the video with the minimum quality, and each
EL is to provide higher video quality on the top of the lower layers.

The encoded F frames contain a set of packets with distinct significance. Let
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K = {1, . . . , k, . . . , K} denote the packet sequence number for all F frames. Denote
by Lk the layer type associated with packet k ∈ K. Specifically, Lk = 0 if k carries
the BL data while Lk = 1 if k carries the EL data. Given that the MH is equipped
with P interfaces, by which P MPQUIC connections (a.k.a. subflows or E2E paths)
can be established between the video server and the MH. Let P = {1, . . . , p, . . . , P}
be a set of available paths. Each path p independently maintains several time-varying
conditions: wp(t), RTTp(t) and ϵp(t), which refer to the congestion window (cwnd),
round-trip-time (RTT) and packet loss rate at time t, respectively. For simplicity, we
ignore the notation t hereafter. With a certain scheduling policy, a portion of packets
will be allocated into each path until all path windows are fully filled. A new round
of data allocation will begin over the paths receiving a new acknowledgment. This
scheduling process repeats until all K packets are sent.

4.3.3 Multipath FEC Model

Using FEC, a block containing n packets is encoded into a longer block with n̂ packet,
where n/n̂ is the coding rate. It is guaranteed that any n of the n̂ encoded packets
can recover the original data in the n packets. Therefore, if the number of packet
losses is no larger than n̂ − n, the receiver can successfully decode the data without
retransmission. Given an MPQUIC path p with a packet loss probability ϵp, and let
lp be the decoding failure probability for the block b from path p, we have [28]

lp =
n̂∑

j=n̂−n+1

(
n̂

j

)
ϵjp (1− ϵp)

n̂−j . (4.1)

4.3.4 Video Quality Model

The minimum acceptable video quality is free of playback interruption [148]. Beyond
that, the higher the video resolution, the better the user experience.

To meet minimum video quality requirements, it is crucial for video clients to
receive BL packets on time, ensuring that each packet arrives within a specified time
constraint referred to as ∆T . However, in highly dynamic systems, offering a deter-
ministic delay guarantee can be a challenging task. Hence, we delve into the concept
of a statistical delay guarantee, which is quantified by the reliability Γ. This relia-
bility signifies the probability of successfully achieving the on-time guarantee for BL
packets. Furthermore, it is desirable to achieve higher goodput Φ in order to facilitate
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the delivery of a larger number of EL packets.
Therefore, the video quality depends on E2E delay, reliability, and goodput.

E2E Delay

Assuming that packet k is scheduled into a path p∗ ∈ P , the application-level E2E
latency of packet k denoted as dEk can be divided into two main components: network
delay (dNk ) and transport-layer delay (dTk ). In other words, we have dEk = dNk + dTk .

dNk includes all of the transmission delay, propagation delay, processing delay
and queuing delay along the path when the packet traverses from the source to the
destination, referred to as one-way delay (OWD) τp∗ , which is approximately half of
the RTTp∗ . Note that the transmission delay of the wireless uplinks or downlinks
here is uncertain due to user and/or network mobility. As video data from the server
to the mobile user go through downlinks, we focus on downlink performance. Let Cp∗

be the transmission rate of wireless downlinks, we have

Cp∗ = ξWm log2(1 + SINRm), (4.2)

where SINRm stands for the received signal to interference and noise ratio of the
m-th AP, Wm is the corresponding channel bandwidth, and ξ ∈ (0, 1) is an efficiency
coefficient of the communication system, depending on several factors, e.g., hardware
and software design. Therefore, the transmission delay of packet k over the wireless
downlinks between the m-th AP and the MH is xk/Cp∗ where xk is the size of packet
k.

dTk consists of retransmission delay ζk and reordering delay δk. ζk is caused by
packet loss events, depending on the congestion control phase, as discussed in [164].
δk is due to the out-of-order (OFO) situation, so it has an upper bound based on the
maximum difference between the one-way packet delay on routes, that is, 0 ≤ δk ≤
max
p∈P

τp − τp∗ .

Reliability

Considering the feature of SVC video traffic, reliability is defined as the probability of
on-time delivering of BL packets, denoted by γk. γk can be expressed as γk = P{dEk ≤
∆T}.

Without FEC applied, the reliability of BL packets largely depends on the path
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error rate including congestion loss and wireless link errors. As long as the time
constraint ∆T has not expired, each lost packet can be retransmitted in the sub-
sequent round trips to improve its successful delivery probability. Assuming that
packet losses are independent, the process can be represented by a Bernoulli trial.
Let V ∈ Z+

0 = {0, 1, · · · } be the maximum retransmission times that can take place
before ∆T expires, we have

γk =
V∑

v=0

(ϵp∗)
v (1− ϵp∗) .

Note v = 0 refers to the successful packet delivery in the initial transmission.
Similarly, when FEC is applied, γk depends on the decoding failure probability lp∗

as described in (4.1), and it can be estimated as:

γk =
V∑

v=0

(lp∗)
v (1− lp∗) .

Goodput

By definition, the aggregated goodput denoted by Φ stands for the number of useful
information bits delivered by multiple paths to the destination per unit of time. Let
J be a subset of K, storing all received decoded packets from multiple paths within
the time interval ∆t, Φ is expressed as

Φ =
|J | ·MSS · 8

∆t
. (4.3)

Here |·| stands for the number of elements inside a set and MSS means the maximum
segment size in bytes.

In the context of multipath transmission, the goodput perceived by the user is
the summation of the goodput of each path. Denote by ϕp the goodput on path p,
ϕp without FEC can be calculated as the product of the transmission rate and the
fraction of packets successfully received, while ϕp with FEC can be calculated by
subtracting the overhead due to the transmission of redundant packets from the total
transmission rate.
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Therefore, when FEC is disabled, Φ is estimated as

Φ =
∑
p∈P

ϕp =
∑
p∈P

wp · (1− ϵp)

RTTp

. (4.4)

On the other hand, if FEC is enabled, we have

Φ =
∑
p∈P

ϕp =
∑
p∈P

wp · (1− lp) · (n/n̂)
RTTp

. (4.5)

4.3.5 Problem Formulation

Given the QoS requirements <∆T , Γ> as described above, our main objective is to
develop a policy π that efficiently selects an access network for E2E path. This policy
should also dynamically enable or disable the FEC technique in order to meet the
criteria for delay and reliability. Additionally, we aim to maximize the goodput while
considering all these factors.

Given the QoS requirements <∆T , Γ> as described above, our main objective is
to determine a policy π that effectively selects an access network for each E2E path
and dynamically enables or disables the FEC technique to fulfill the delay and relia-
bility criteria, while simultaneously maximizing the goodput. This can be formulated
mathematically as follows:

max
π

Φ

s.t. ϕ̂p ≤ Cp, ∀p ∈ P

γkb ≥ Γ, kb ∈ {j|Lj = 0, j ∈ J ⊆ K},

(4.6)

where ϕ̂p is the achieved throughput over path p. If no FEC is applied, it is equivalent
to the goodput ϕp. Otherwise, ϕ̂p =

n̂
n
· ϕp.

In reality, there are many uncontrollable factors raised by mobility so it is hard
to directly derive the optimal solution of the problem (4.6). For instance, the traffic
load of each access point is highly dynamic and the distance from the user to AP
is fast-changing, leading to the time-varying data rate Cp and packet error rate ϵp

over access links. Also, the random congestion on the network side could trigger
uncertain queuing delays. To cope with these uncertainties, one intuitive idea is
to leverage learning-based approaches to learn the relationship between the network
environments and final results from the historical data samples, and then apply the
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Figure 4.2: QC-MAB framework.

trained model to assist the decision-making.
However, video streaming has stringent delay requirements and a high volume of

data, so control decisions must be made at ms-level. Many existing learning-based
algorithms take a long time to converge in response to the abrupt changes in link con-
ditions, so they are too slow or too costly to meet stringent QoS requirements. In the
next section, we propose a QC-MAB framework to solve the QoS guarantee problem,
with which the underlying relationship between context and QoS requirements can
be discovered without a lengthy training process, thereby facilitating decision-making
in highly dynamic systems.

4.4 QC-MAB for Multipath Video Streaming

As shown in Fig. 4.2, we present a QC-MAB framework for MPQUIC-based video
streaming under uncertain network characteristics caused by the user and/or network
mobility. First, three components of QC-MAB are designed: Context refinement,
QoS-driven arms design, and QoS-driven rewards design. Then, a contextual bandit
problem is formulated, and the corresponding solutions are discussed.

4.4.1 Context Refinement (CR)

The networking features that affect the QoS requirements are collectively referred to
as context, known as state s. We use context and state interchangeably throughout
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Table 4.1: Context space design

E2E path related context Wireless links related context
wp: the cwnd on path p (x̂, ŷ): MH’s location

(xm, ym): the m-th AP’s location
Ψp: bytes-in-flight on path p

Pm: received power
σ: background noise

τp: OWD of path p
Im: the interference
Wm: the available bandwidth

ϵp: packet loss rate on path p
BERm: the link bit error rate

this chapter. Each state s is defined by a vector of features xs =
(
xs
E1
, · · · , xs

Ec
, xs

L1
, · · · , xs

Ld

)
where (xs

E1
, · · · , xs

Ec
) represents the E2E path relevant features, and (xs

L1
, · · · , xs

Ld
)

means features related to the last-mile wireless links. According to the analysis in the
last section, 11 critical features related to QoS on path p are summarized in Table
4.1. In this case, xs is an 11× 1 vector.

However, with a large dimension of contexts, discovering the relationship between
context and rewards takes a long time. To mitigate this issue, we try to reduce the
dimension of xs by finding correlations among features and then integrating several
contextual features into one. Furthermore, most contexts are estimated or measured
values based on instantaneous feedback from the network, which can be noisy due to
sudden changes in network conditions. In order to reveal the intrinsic relationship
between contexts and rewards, we need to filter out the noise within contexts. Context
dimension reduction and noise removal are referred to as context refinement (CR).

Context Dimension Reduction

wp and Ψp jointly reveal the congestion situation and bottleneck capacity CN
p at the

network side, denoted by CN
p := f(wp,Ψp). On the other hand, (x̂, ŷ), (xm, ym), Pm,

σm, Im and Wm define the achievable access link capacity CA
p of path p as follows

according to Eq. (4.2),

CA
p = ξWm log2(1 +

Pm(
√

[x̂− xm]2 + [ŷ − ym]2)
−e

σ2
m + Im

), (4.7)

where e is the path loss exponent.
Therefore, we define a new context bp, representing the bottleneck bandwidth of
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path p. This context is derived by integrating CN
p and CA

p in the following manner:

bp = min{CN
p , CA

p }. (4.8)

In addition, the relationship between the packet loss rate ϵp and the link bit error
rate BERm can be expressed with [143]

ϵp = ρ+ (1− ρ)

(
Y∑
i=a

(
Y

i

)
(BERm)

i(1−BERm)
L−i

)
, (4.9)

where ρ stands for the loss rate caused by network congestion, Y is the length of each
packet in bits, and a is the minimum number of bits in error that will lead to packet
error due to limited error coding capacity in the physical and link layers.

Under the assumption that every ∆T the MH displays a new frame and runs
QC-MAB1, the time at the receiver side can be slotted by T = {1, 2, . . . , t, . . .} where
t means the t-th display event. Since the correlation among each context can be
realized using (4.7)–(4.9), the context space observed by the MH is reduced to a
set of three parameters at slot t, i.e., xs

t = (bp,t, τp,t, ϵp,t). bp,t and τp,t can be directly
measured by the learning agent at the MH. In mobile environments, the mobile access
link BER far outweighs congestion losses within backbone networks [142]. Hence,
ϵp,t is roughly equal to BER which can be also directly estimated at the MH side.
Meanwhile, the sender will periodically notify the receiver of the estimated loss event
rate by measuring the packet loss event rate. Therefore, in the case where backbone
networks might be the bottleneck and the congestion loss dominates ϵp,t, the receiver
can use the sender’s loss event calculation to estimate ϵp,t.

Context Noise Removal

In reality, a common approach to obtain bp,t feedback is to monitor the timestamps of
the received consecutive packets to estimate bottleneck bandwidth. Assuming St and
St−1 are the total amounts of data received by the MH at successive measurement

1Compared to the video server, the MH has easier access to collect the necessary features locally.
This is why we choose to run the QC-MAB at the MH side. In our design, the QC-MAB handles
access network selection for the MH and FEC configuration for the video server. By running QC-
MAB at the MH, it becomes feasible for the MH to send an acknowledgment (ACK) along with
the decision regarding FEC configuration during the subsequent round of transmission back to the
video server.
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time epochs t and t− 1, bp,t is measured with

bp,t =
St − St−1

∆t
. (4.10)

However, the measured bp,t in this manner is likely biased due to many reasons, e.g.,
the sending window is too small during slow startup to match the actual network
capacity, so the instantaneous bp,t is much lower than it should be. Therefore, we
utilize an Adaptive Kalman Filter (AKF) [75] to remove the noise within bp,t. Given
limited measured samples, AKF can still quickly narrow down to the truth by taking
a few of those inputs and beyond by understanding the variation or the uncertainty
of those inputs. The standard Kalman filter goes through two stages to acquire the
final estimate as follows.

The first stage is prediction, in which the estimated capacity (bp,te) of path p and
the estimation errors Zp,t are updated as

b−p,te = b+p,t−1 + ωp,t, (4.11)

Z−
p,t = Z+

p,t−1 +Qp, (4.12)

where the superscript "+" indicates that the estimate is a posterior, and "-" indicates
a prior estimate. ωp,t stands for white Gaussian noise with zero mean and variance
Qp, which depends on network uncertainties such as user mobility.

The second stage is correction. The measured network capacity is assumed dis-
turbed by a white Gaussian noise vp,t with zero mean and variance Rp, such that

yp,tm = bp,tm + vp,t. (4.13)

Here bp,tm is the instantaneously measured value at time t, using (4.10). Then the
critical Kalman gain is derived by

Kp,t = Z−
p,t

(
Z−

p,t +Rp

)−1
, (4.14)

with which we can determine whether the predicted value or measured value is closer
to the true value. Let b̂p,t and Ẑp,t be the final correction for the predictions of b−p,te
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and Z−
p,t, we have

b̂p,t = b−p,te +Kp,t

(
yp,tm − b−p,te

)
, (4.15)

Ẑp,t = Z−
p,t −Kp,tZ

−
p,t. (4.16)

The corrected b̂p,t and Ẑp,t will be the posterior states that are involved in the
future rounds of corrections. In this way, the estimation error diminishes over time,
and so does the noise in bp,t

2.
Finally, we employ the exponentially weighted moving average (EWMA) approach

to correct measured τp,t and ϵp,t as follows:

τ̂p,t = E1(t) = α · τp,t + (1− α) · E1(t− 1), (4.17)

ϵ̂p,t = E2(t) = β · ϵp,t + (1− β) · E2(t− 1). (4.18)

The settings of α and β are discussed in Section 4.5.3.
Then, the final context x̂s

t = {b̂p,t, τ̂p,t, ϵ̂p,t} are obtained.

4.4.2 QoS-Driven Arms Design

To find the optimal policy π as presented in problem (4.6), we design arms, a.k.a.,
actions, from two aspects: access network selection and FEC configuration. The
former is for the MH and the latter one is for the video server. As a result, each arm
a is associated with a vector of behaviors xa = (xa

1, x
a
2) where xa

1 is related to the
network selection and xa

2 is associated with FEC option. Given there are M access
networks to be selected, and two options of whether enabling FEC, the set of arm
vectors, A, includes |M|× 2 combinations. Similarly, the larger number of arms, the
longer it will take to explore the arms that are never or rarely chosen. Therefore,
the arm set is refined by filtering out those arms that do not meet specific criteria.
For example, for those paths whose τ̂p,t is greater than ∆T , we can skip the choice
of its associated access network. Therefore, the new arms space Â|N |×2

t is yielding
(|N | ≤ |M|).

2To be able to use the Kalman filter, it is necessary to have the knowledge of the co-variances
of the prediction and measurement noise, i.e., Qp and Rp. However, they are unknown a priori in
our case, and they may vary over time as the network environment changes. To address this issue,
we can use Least Squares method to estimate them from the innovation signal’s autocorrelation as
in [115].
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r|(s, a) =


(∑nb

i=1 1{dEbi ≤ ∆T}+
∑ne

j=1 1{dEej ≤ ∆T}
)
/N, if

∑nb
i=1 1{d

E
bi
≤∆T}

nb
≥ Γ(∑nb

i=1 1{dEbi ≤ ∆T}+ η
∑ne

j=1 1{dEej ≤ ∆T}
)
/N, otherwise,

(4.19)

4.4.3 QoS-Driven Rewards Design

In the QC-MAB framework, the reward function is highly related to the QoS. Also,
the posterior reward r is parameterized by state s and action a, denoted by r|(s, a).

In the event that an arm is chosen with a satisfactory QoS value returned, we
respond with a positive reward to indicate that the arm is a good candidate to be
exploited in future trials. Otherwise, we return a negative/zero reward (penalty).
The detailed reward function is designed in (5.13). It is worth noting that the reward
is designed for a whole frame instead of a single packet due to the strong correla-
tion between packets within the same video frame, in other words, a reward will be
recalculated upon each frame completion.

Suppose each video frame f contains N of packets, which are categorized into nb

BL packets and ne EL packets. Therefore, the on-time delivery ratio for BL packets

within frame f can be calculated by γf =
∑nb

i=1 1{d
E
bi
≤∆T}

nb
, bi ∈ K. Note 1{·} refers to

indicator function. Provided that the video client’s reliability preference is Γ for BL.
If γf is greater than Γ, we give a weighted bonus to packets that meet their individual
deadline. In this way, the learning agent will strive to guarantee the on-time delivery
of BL packets while sending as many EL packets as possible.

Otherwise, if the on-time reliability requirement is not satisfied, the reward for
EL packets will be discounted by a factor η, motivating the learning agent to choose
some actions (e.g., enable FEC) to reduce the E2E delay for BL packets. Here η =

1
nb−

∑nb
i=1 1{dEbi≤∆T} , implying that the more expired BL packets, the less useful of EL

packets.

4.4.4 Contextual Bandit Problem

With the QC-MAB framework, the QoS guarantee issue can be formulated into a
cumulative rewards maximization problem, known as the contextual bandit problem
formulated in P1. P1 indicates that our goal is to find a good policy π that determines
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the action at given the state st to maximize the expected cumulative rewards.

P1: max
π:st→at

E

[
T∑
t=1

[rt|(st, at)]

]
. (4.20)

There are many existing algorithms to solve the MAB problems. The Upper
Confidence Bound (UCB) [13] is a lightweight yet efficient bandit algorithm that is
proven to produce asymptotically optimal regret performance. Therefore, we incor-
porate the UCB algorithm into QC-MAB to solve P1. Every ∆T the MH displays
a new frame, it activates QC-MAB to calculate rewards and proactively select APs
for connection. Afterward, the server is notified of the FEC enabling decision along
with an acknowledgment, and then it configures FEC accordingly for the next round
of data transmission.

4.4.5 UCB Solution

Denote by S the set of context vectors x̂s
t over time. Considering that context features

in mobile environments are changing over time, the dimension of S may increase
unbounded as time passes, which poses challenges to learning the relationship between
contexts and rewards.

To maintain the context space in an acceptable finite dimension, we create a
partition PT on the context space S, which splits S into (hT )

D sets based on the time
horizon T . Here, D is the dimension of a context vector which is 3 in our case, and
hT is a parameter to be designed to determine the number of sets in PT . Fig. 4.3
gives an example of a 2-dimensional context partition, in which hT = 3 since each
feature is partitioned by two thresholds: 10 Mbps and 50 Mbps for the b̂p,t, and 10
ms and 50 ms for the τ̂p,t. Here hT manages the partition granularity, and it can be
flexibly customized.

For each 3-dimensional vector x̂s
t ∈ S, it can be mapped to a tuple qt ∈ PT . At the

very beginning (t = 1), the context is mapped to tuple q1 and the reward distribution
on each arm is unknown yet, so we assume the mean reward r̄a1|q1 for all arm a1 ∈ Â1

is identical. The learning agent starts with an arm a∗1 randomly.
Upon a new frame display event at time t(t ≥ 2), the learning agent first calculates

the conditional reward ra∗t−1|qt−1(t) for the chosen arm in the last time slot using
Eq. (5.13). According the Hoeffding’s inequality, [62] gives an upper bound of the
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Figure 4.3: Illustration of context space partition and the context set ID
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estimated reward ra∗t−1|qt−1(t) as follows,

Ha∗t−1|qt−1 =
Ra∗t−1|qt−1

Na∗t−1|qt−1

+

√
2 ln t

Na∗t−1|qt−1

, (4.21)

where Na∗t−1|qt−1 stands for the number of times the arm a∗ has been selected by time
slot t − 1, and Ra∗t−1|qt−1 means the total reward of choosing a∗ over the past t − 1

time slots. Ra∗t−1|qt−1 is calculated by

Ra∗t−1|qt−1 =
∑

x∈{y|ay=a∗t−1∩qy=qt−1,y≤t−1}

rax|qx (4.22)

To determine the action a∗t given the new context x̂s
t → qt, the UCB algorithm

will compare the reward of the chosen arms with that of non-chosen arms to solve
the exploitation vs. exploration dilemma. During the exploitation phase, the UCB
algorithm favors actions that have shown higher upper bound Ha|q of the estimated
reward. By exploiting the currently known best actions, the algorithm aims to max-
imize the expected reward and make optimal decisions based on the existing knowl-
edge. On the other hand, during the exploration phase, if an action has not been
tried very often, or not at all, then Na|q will be small. Consequently the second term
of (4.21) will be large, making this action more likely to be selected. This allows
the algorithm to collect more data and gain a better understanding of the potential
rewards associated with different actions.

With UCB, a∗t is selected according to

a∗t = argmax
a∈∩Ât

{Ha|qt}. (4.23)
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4.5 Evaluations

In this section, we examine the performance of QC-MAB by comparing it to the two
state-of-the-art algorithms below.

• Peekaboo [139]: it is a novel CMAB-based MPQUIC scheduler. It strives for
learning the dynamic characteristics of the heterogeneous path including path
RTT and loss rate, and then makes decisions about whether to schedule packets
into the path with undesirable conditions immediately or wait for the availability
of the path with good conditions.

• LEAP [24]: similar to us, LEAP considers three QoS metrics, i.e., delay, re-
liability and goodput. It employs FEC to trade off among the three metrics,
and uses a bandwidth-aware multipath congestion control algorithm to avoid
overshooting issues.

4.5.1 Evaluation Methodology

Testbed Construction

To start, we extended the existing QUIC module in network simulator 3 (ns-3) [6]
to support MPQUIC, following the guidelines specified in the Internet Engineering
Task Force (IETF) drafts [88] on MPQUIC. The publicly available version of our
MPQUIC source code can be accessed at [3]. Using this platform, we implemented our
proposed solution and incorporated two existing algorithms for comparative analysis.
Additionally, we referred to the DASH source code at [1] and made modifications to
the MPQUIC source code to enable DASH to operate over MPQUIC.

In order to replicate network bottleneck scenarios that can occur at any point
along the E2E path, including access networks and backbone networks, we created
two network topologies, as depicted in Fig. 4.4. In Fig. 4.4(a), we evaluated a situation
where the end user moves across various access networks with different conditions,
some of which may become bottlenecks. Fig. 4.4(b) represents two cases: 1) when the
end user remains stationary while multiple background flows compete for backbone
resources, causing significant variations in data rate, link delay, and packet drop rate,
indicating the backbone network as a potential bottleneck, and 2) when the end user
remains stationary and there are no background flows along the E2E paths.
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Figure 4.4: Experimental topologies.

Both Fig. 4.4(a) and Fig. 4.4(b) depict that an MH is equipped with a WiFi
interface and a 5G interface, allowing for the establishment of two subflows between
the MH and the video server. In Fig. 4.4(a), the backbone network comprises a 2× 2

node configuration, with circular markers representing the communication range of
the AP nodes. We employed the WiFiHelper or NrHelper tools to configure the access
links between the MH and the APs, while the PointToPointHelper tool was used to
set up the wired links. In Fig. 4.4(b), the backbone network consists of an 8× 2 node
configuration, with the rightmost column of nodes acting as APs to connect the MH.
The solid flash between an AP and the MH represents the currently utilized access
link, while the dashed one represents a candidate link.

Video Application Settings

In each simulation, we employed the Dynamic Adaptive Streaming over HTTP (DASH)
protocol at the mobile host (MH) side to retrieve video segments from the video
server. The video segments used in our simulations were provided by the authors
of [103] and were extracted from the movie "Sintel." This dataset comprises 84 video
segments, with video bitrates ranging from 0.088 Mbps to 20.5 Mbps, encompassing
eight quality increments. The selection of bitrates for different representations was
designed to achieve a roughly linear increase in video quality, as measured by the Peak
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Signal-to-Noise Ratio (PSNR). Therefore, we can utilize the representation index as
an indicator of video quality.

In practical video data protection scenarios, FEC codes are often employed at the
bit level, group of pictures (GoP) level, or frame level [171]. In our design, we adopt
a frame-level FEC approach at the MPQUIC layer to allocate FEC redundancy for
each coding layer within the frame. In accordance with the settings in [171], our
SVC configuration includes three layers (one base layer and two enhancement layers),
with a FEC redundancy of 30% for each layer. To ensure acceptable video quality,
we impose a constraint on the per-packet elapsed delay, limiting it to less than 150
ms. This constraint aligns with previous studies [127, 140] that suggest a one-way
delay not exceeding 150 ms to achieve excellent video quality. Consequently, the
video player displays one frame every ∆T seconds, where ∆T is set to 0.15. If the
base layer of a frame fails to decode successfully for display, a playback interruption
occurs. Let n0 represent the number of playback interruptions, and nt denote the
total number of frames. The interruption ratio (IR) is then defined as IR = n0/nt,
which serves as a critical measure of video user experience.

For all scenarios examined, we measure four key performance metrics: interruption
ratio (IR), mean video quality, E2E delay for all BL packets, and aggregated goodput.
These metrics enable us to evaluate the impact of our proposed solution and compare
it with existing algorithms in terms of video playback experience, video quality, delay,
and overall network throughput.

4.5.2 User Movement in Ultra-Dense Networks

Experimental Settings

In this scenario, we utilize the experimental topology depicted in Fig. 4.4(a). Inspired
by previous studies [8, 167], we configure the mobile access networks as follows: the
APs are evenly distributed in a lattice grid topology, with neighboring APs placed at
a distance of 20 meters. The MH initiates its movement from the lower-left corner
and randomly moves in a specified direction at a velocity of 10 m/s. The transmission
power level (P ) of the APs is randomly selected within the range of 100 mW to 200
mW. The path loss exponent (e) is set to 4. We assume no interference and set the
noise power (σ) to -180 dBm. The allocated bandwidth (W ) of the APs to the MH
ranges from 1 MHz to 2 MHz. Based on insights from prior studies [158], we set the
MH’s handoff threshold to -90 dBm. For the wired links represented by solid lines
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Figure 4.5: QoS performance when the access networks or user is in motion.

in Fig. 4.4(a), we initialize the link data rate to 100 Mbps, link packet error rate to
0.01%, and the link delay to a random value ranging from 5 ms to 20 ms, aligning
with the settings in [143].

Regarding the QC-MAB algorithm, we define several thresholds to partition the
context space, as discussed in Section 4.4.5. Through a series of tests and based on
the aforementioned settings, we set the bandwidth threshold to 5 Mbps and 10 Mbps,
the OWD threshold to 90 ms and 150 ms, and the error rate threshold to 0.01%
and 0.1%. It is important to note that the selection of partition thresholds is highly
dependent on the specific scenario, and intelligently tuning these thresholds to adapt
to various scenarios remains an open issue. We set the coefficient α in Equation
(4.17) to 1

8
, as suggested in [69], and the coefficient β in Equation (4.18) to 0.6, as

indicated in [135]. Both QC-MAB and LEAP utilize the QoS requirements as input,
and for consistency with LEAP, we set the deadline ∆T of BL packets to 150 ms.
The reliability requirement (Γ) for QC-MAB is set at three levels: 90%, 95%, and
99%, while LEAP maintains a reliability requirement of 99%.



95

IR and E2E Delay

Fig. 4.5 presents the QoS performance under the aforementioned settings. In terms of
IR performance (Fig. 4.5(a)), we observe that Peekaboo exhibits an interruption ratio
of more than 25%, while QC-MAB and LEAP maintain a ratio of 5%. The higher
IR observed in Peekaboo is attributed to its focus on QoS improvement rather than
QoS guarantee. Unlike QC-MAB and LEAP, Peekaboo does not penalize the system
when BL packets fail to arrive on time, resulting in a higher IR. This observation is
further supported by the results of E2E delay in Fig. 4.5(c).

Analyzing Fig. 4.5(c), we observe that QC-MAB with a larger Γ value achieves
lower E2E delay, indicating that the actions taken by QC-MAB are indeed driven by
QoS requirements. Similarly, LEAP also considers the stringent reliability require-
ments and employs congestion control and FEC strategies to meet those requirements.
However, the probability of achieving an E2E delay below 150 ms is 91.1% for LEAP,
whereas QC-MAB achieves 95.9% with a reliability requirement of Γ = 99%.

When it comes to reliability, Peekaboo performs the worst at 75.8%. This can
be attributed to the increasing BER as the MH moves away from connected APs.
While LEAP faces a similar challenge, it utilizes FEC techniques to recover BL pack-
ets without retransmission, resulting in better E2E delay performance compared to
Peekaboo. In QC-MAB, in addition to employing FEC techniques, the intelligent
network selection strategy allows it to proactively explore other suitable APs based
on wireless link contexts, effectively mitigating the negative impact of mobility.

Overall, the experimental results demonstrate that QC-MAB outperforms Peek-
aboo and achieves comparable performance to LEAP in terms of QoS metrics such
as IR and E2E delay. The intelligent network selection and proactive AP switching
capabilities of QC-MAB enable it to adapt to changing network conditions and ensure
reliable and high-quality video streaming in ultra-dense network environments.

Mean Video Quality and Goodput

To achieve high video quality beyond playback smoothness, QC-MAB aims to explore
better access networks that can transmit more EL packets without violating the delay
requirement of BL packets. Fig. 4.5(b) illustrates the mean video quality results,
showing that QC-MAB achieves higher mean quality compared to Peekaboo and
LEAP. Additionally, there is a tradeoff between reliability and mean video quality in
mobile scenarios, where higher reliability requirements lead to lower mean quality.



96

The video quality heavily depends on the aggregated goodput over multiple paths.
Fig. 4.5(d) presents the changes in goodput over time for different algorithms in the
context of mobility. QC-MAB achieves up to three times higher goodput than LEAP
and Peekaboo when Γ is set to 90% and 95%. The goodput decreases when a higher
reliability requirement, such as 99%, is imposed, aligning with the behavior of lower
mean quality with higher reliability. However, even with a reliability requirement of
99%, QC-MAB still improves the goodput compared to LEAP and Peekaboo due to
the exploration of diverse APs during movement.

Convergence Analysis

The results above demonstrate that the QC-MAB model can effectively handle net-
work dynamics, thanks to its faster convergence rate. Fig. 4.6 shows the average
reward values obtained every 500 packets to analyze the convergence performance.
QC-MAB achieves the largest mean reward, while Peekaboo has the least. QC-MAB
is about to converge at packet 10,000 (approximately 13.2 seconds), while Peekaboo
converges at packet 11,000 (approximately 19.67 seconds). In contrast, LEAP, which
is not MAB-based, does not exhibit a clear convergence trend.

The key component that improves the convergence rate in QC-MAB is the CR,
which includes context dimension reduction and context noise removal. Fig. 4.7 com-
pares the mean reward performance of QC-MAB with and without CR. Without CR,
the mean reward is lower, and the convergence rate is slower. CR reduces the dimen-
sionality of the state space while also removing noise, resulting in faster and more
accurate relationship discovery between the state and QoS performance. Without
CR, inappropriate choices may be made, leading to larger variations in instantaneous
reward.

Impact of Access Network Density

The density of the access network determines the number of visible networks to the
end user, which affects the actions set of QC-MAB. In this subsection, we explore
the impact of access network density by adjusting the distances between neighboring
APs.

The experiments reveal that LEAP and Peekaboo do not proactively select net-
works, resulting in minimal changes in their IR performance as the distances change.
Therefore, we analyze the IR performance with QC-MAB under varied AP distances,
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Figure 4.7: The effectiveness of the CR component.

as shown in Fig. 4.8. As the AP distance increases, the IR with QC-MAB initially
decreases until a certain threshold and then starts to increase. The analysis of AP
density demonstrates the exploration and exploitation dilemma: when more access
networks are visible to the end user, QC-MAB has a higher chance of finding better
networks to exploit after several rounds of exploration. However, when the density ex-
ceeds a certain threshold, continuously exploring new choices may negatively impact
the IR performance, as QC-MAB could explore networks with poor conditions.

Overall, the experimental results highlight the advantages of QC-MAB in terms
of mean video quality, goodput, convergence rate, and its ability to adapt to varying
network densities in ultra-dense environments.

4.5.3 When Backbone Networks Become Bottlenecks

Traditional backbone networks are typically high-capacity and stable. However, in
the next-generation network, this may not always be the case. For example, satellite
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Figure 4.8: IR performance under the varied density of network coverage.

networks can serve as backbone networks, but their inter/intra satellite links are not
as stable as terrestrial networks, making them potential bottleneck networks due to
satellite movement. To simulate this situation, we constructed the topology shown
in Fig. 4.4(b). In this topology, all link settings regarding the delay and error rate
remain unchanged, except that wired links have a lower data rate compared to the
rightmost access links. Specifically, the bandwidth of access links is set to 30 Mbps,
while that of the wired links is 20 Mbps [41]. In this subsection, we start with the case
in which background TCP flows as depicted in Fig. 4.4(b) are inactive. In Section
4.5.4, the background TCP flows are active and share the wired links with MPQUIC
flows.

Compared to the IR performances in Section 4.5.2, the overall IR values in this
scenario are significantly reduced. Specifically, the IR values with Peekaboo, LEAP,
and QC-MAB are reduced from an average of 25% to 7%, from 6% to 1%, and
from 5% to 0.5%, respectively. The differences in IR performance across different
scenarios highlight that QC-MAB and LEAP outperform Peekaboo in terms of QoS
guarantee. As shown in Fig. 4.9(c), both QC-MAB and LEAP achieve similar E2E
delay guarantee performances, with over 99% of BL packets arriving within 150 ms.
Peekaboo achieves a 96% counterpart.

Fig. 4.9(b) presents the mean video quality comparison, showing that while LEAP
maintains similar IR values to QC-MAB, it has the lowest mean video quality level.
This phenomenon can be explained by the goodput results shown in Fig. 4.9(d).
Compared to QC-MAB and Peekaboo, LEAP exhibits the lowest goodput throughout
the streaming process. As mentioned earlier, LEAP often compromises bandwidth to
guarantee the shortest delay for the most important video frames.
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Figure 4.9: QoS performance when the backbone network and access networks are
relatively stable.

4.5.4 Impact of Background Traffic in Backbone Networks

Lastly, we examine how QC-MAB performs in a scenario with background traffic com-
peting for bottleneck resources, based on the topology shown in Fig. 4.4(b). In this
subsection, except for the presence of background TCP flows, all other experimental
settings remain the same as in Section 4.5.3.

IR and E2E Delay

As shown in Fig. 4.10(c), only 82.19% and 91.98% of packets meet the 150 ms deadline
when using Peekaboo and LEAP, respectively, while QC-MAB achieves 96.7% relia-
bility with Γ = 99%. In Peekaboo, the dynamic bottleneck bandwidth is not taken
into account, leading to inappropriate scheduling decisions. LEAP heavily relies on
bottleneck bandwidth estimation to determine the cwnd value. However, this estima-
tion is inaccurate when the bandwidth frequently changes over time. In QC-MAB,
we emphasize the importance of the bottleneck bandwidth by integrating it into the
context space and using an AKF to remove bandwidth noise. This approach ensures
that the connection between bandwidth and QoS reward is accurately revealed, re-
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Figure 4.10: QoS performance when the backbone network experiences large
variations and becomes the bottleneck.

sulting in high reliability. According to Fig. 4.10(a), QC-MAB reduces video IR to
around 3.1%, while LEAP and Peekaboo result in 11.4% and 25.11% IR, respectively.

Mean Video Quality and Goodput

From Fig. 4.10(d), we observe that both Peekaboo and LEAP do not have a sharp
increase in cwnd at the beginning as shown in Fig. 4.9(d). This is caused by the lack of
awareness of bandwidth variations in Peekaboo and LEAP, resulting in overshooting
issues. In comparison, QC-MAB with different Γ values achieves higher goodput
because it utilizes the UCB algorithm to balance exploration and exploitation. When
high variations in routes are detected, QC-MAB can proactively switch to other access
points for higher rewards. In comparison to Peekaboo, LEAP achieves lower goodput
due to the packet redundancy generated by FEC.

Fig. 4.10(b) illustrates the mean video quality performances, which align with the
goodput behaviors. QC-MAB overall improves the mean video quality compared to
LEAP and Peekaboo, while LEAP achieves the lowest video quality level.
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4.6 Summary

In this chapter, we develop a novel learning-based framework, named QC-MAB, to
solve the QoS guarantee issue for multipath video streaming in mobile networks. As
the QC-MAB incorporates both wireless link characteristics changes and E2E path
conditions change in its context space design, in conjunction with context and arm
dimension reduction, it can discover the underlying relationship between network
context and QoS performance without a lengthy training process. Given a particular
context and pre-defined QoS requirements, QC-MAB can therefore make a reasonable
decision with regard to access network selection and FEC coding to trade off delay,
reliability, and goodput. Extensive experiments based on ns-3 demonstrate that QC-
MAB not only provides an ultra-low video interruption ratio but also high goodput
in heterogeneous stationary networks or dynamic mobile systems.
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Chapter 5

Tile Scheduling Across Multiple
Paths for Smooth Interactive
360-degree Video Streaming

Different from the planar video streaming as described in Chapter 4, 360-degree video
streaming aims at providing users with an immersive experience, i.e., a user can
navigate in a virtual world by looking around and interacting with the virtual world.
As a result, new challenges coming with 360◦ video streaming are emerging, which
motivates us to address them in this chapter.

5.1 Introduction

Next-generation networks (6G) are increasingly embracing virtual reality (VR) and
augmented reality (AR) applications. 360-degree video streaming is the key enabler
for AR/VR to provide users with an immersive experience. However, a smooth playing
experience with 360-degree videos cannot be fully guaranteed all the time. On the one
hand, 360-degree videos will consume vast bandwidth to transmit not only wide-angle
video frames but also videos with far higher resolutions (e.g., 8K, 16K) compared to
conventional video streaming [56]. On the other hand, in the scenario where a mobile
device fetches 360-degree video in a moving car, good quality of experience (QoE)
is hard to guarantee due to the high dynamics raised by mobility. For example, the
video downloading capacity varies over time and is unknown beforehand [49].

To overcome the bandwidth challenges mentioned above, the existing benchmarks
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can be categorized into two classes: 1) Field-of-View (FoV) prediction-based methods
[22,83,95]. FoV is associated with users’ head movement and interest area. Given the
limited bandwidth, the video provider would selectively transmit the FoV-associated
content instead of the whole video to save bandwidth. 2) Cache based solutions
[93, 145]. According to users’ browsing history, the video server can prioritize the
video segment based on their browsing popularity, and then the most popular one
would be pre-cached at edge servers.

However, the FoV-based algorithms could suffer from a wrong prediction, which
will cause retransmission and playback pauses. Cache-based algorithms do not work
in case some content cannot be obtained beforehand such as the real-time 360-degree
videos. In addition, most solutions merely improve QoE in the application layer, e.g.,
bit rate adaptation, and tiling scheme. They ignore the mutual interaction between
the application layer and transport layer, e.g., the bit rate could be affected by the
sending rate and scheduling decision at the transport layer.

Therefore, video streaming solutions at the transport layer have attracted much
attention in both academic and industrial communities, in particular the multipath
transport protocol based designs. Multipath transport protocols, such as multipath
TCP (MPTCP) [164] and MPQUIC [32] are promising in aggregating bandwidth
and improving the throughput as they can manage multiple end-to-end (E2E) paths
simultaneously to transmit data.

In this chapter, we focus on the scheduling design for interactive (i.e., real-time)
360-degree video streaming using MPQUIC. The viewing frame quality and playback
smoothness without frequent interruption are two important indicators of the quality
of experience (QoE) for video consumers. To provide a satisfactory QoE, we aim to
tackle the following pressing challenges:

Interactive streaming has the precise frame deadline: The interactive
streaming applications require in-time delivery, which means the video frames need
to arrive before an exact time point [143, 179]. Otherwise, the late arrival does not
contribute to the video playback or decoding processes, which is detrimental rather
than beneficial to the QoE. Existing studies usually control the completion time of
video frames within a certain threshold instead of applying a precise deadline for a
certain frame.

The deadline for different frames is different: With the introduction of video
coding technology, there are different types of frames such as I, B, and P frames, and
the importance of each frame in decoding varies. For instance, I frames are paramount
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in the decoding process, followed by P frames, with B frames being the least critical.
Therefore, compared to P and B frames, I frames should have a larger time window
within which the arrival of the I frame remains effective for either the playback itself
or for the decoding of subsequent frames. Given this fact, it is necessary to apply
differentiated deadlines to each frame type.

The FoV changes in 360-degree video make the scheduling more com-
plicated: Users’ FoV is changing over time, involving both spatial and temporal
dynamics. For instance, the new FoV may begin with a B frame while the preceding
I or P frames, upon which the B frame depends, were not viewed and consequently
not fetched in previous FoVs. To successfully display the B frame, the video server
must transmit the necessary dependency frames alongside it. This requirement adds
a layer of complexity to the scheduling process.

To cope with the above unique challenges, in this chapter, we present a QoE-
oRIented DEadline-driven (RIDE) algorithm for the multipath scheduling based on
the deep reinforcement learning (DRL) framework. Our contributions are three-fold:

• Unlike existing chunk-based approaches, RIDE’s scheduling decisions are made
at the frame level. This finer granularity allows for a more detailed analysis of
frame dependency relationships. By designing a dependency tree, it is easier to
understand the precise deadline for each frame, thus enhancing the efficiency of
our scheduling.

• We have tailored RIDE specifically for interactive 360-degree video streaming.
This includes identifying unique features that influence users’ Quality of Ex-
perience (QoE), designing a comprehensive reward function that incorporates
multiple critical QoE metrics, and developing an adaptive action space that
effectively addresses various streaming dilemmas.

• We have conducted a series of experiments to evaluate RIDE using real-world
video and network data traces. Experimental results demonstrate that RIDE
can achieve up to four times higher frame quality and lower the interruption
rate by 50% against benchmark algorithms.

5.2 Related Work

In this section, recent studies related to video streaming and multipath scheduling
are reviewed.
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5.2.1 General Multipath Scheduler

There have been several multipath transport protocols such as DCCP [79], CMT-
SCTP [68], MPTCP [164], and MPQUIC [32]. MPQUIC, the latest proposal, has
inherited the advantages of both CMT-SCTP and MPTCP, thereby receiving much
research interest.

Regarding the multipath scheduler, the round-robin (RR) scheduler circularly
transmits packets over each path as long as its congestion window (cwnd) is not ex-
hausted. RR does not perceive heterogeneous characteristics of paths, resulting in
poor performance under heterogeneous networks [104]. MinRTT, the default sched-
uler of multipath transport protocols, prioritizes the available path with the small-
est Round-trip Time (RTT). However, [114] points out that the minRTT scheduler
causes a large number of out-of-order (OFO) packets and requires more memory usage
for multipath transport protocols compared to the conventional single-path counter-
parts. [45] finds that the performance of multipath transport protocols is degraded
due to bufferbloat and proposes BM algorithm, which caps the cwnd when the RTT
exceeds the minimal RTT (RTTmin) of the path significantly.

5.2.2 Multipath Scheduler for Video Streaming

Improving video streaming service quality using multipath techniques has always been
a research highlight. [126] proposes Smart-Flycast, an AI-driven multipath transmis-
sion UAV-based live streaming system. They design three novel learning-based mul-
tipath transmission mechanisms to improve QoS and QoE in the highly mobile UAV
flight environment. MPDASH [61] is a multipath framework for DASH video stream-
ing with the awareness of network interface preferences from users. But it does not
focus on per-packet scheduling, exploiting a coarse-grained decision logic that decides
whether the cellular sub-flow should be activated or not. XLINK [174] directly cap-
tures video QoE intent to control multipath scheduling and path management based
on MPQUIC protocol for short videos. OLS [150] schedules packets according to
their arrival time and sends a number of redundant packets to avoid the impact of
inaccurate estimations, aiming at reducing OFO packets and transmission latency.
These efforts all require the support of the application layer. They are tightly cou-
pled to the application. At the same time, they do not fully address variations in
network conditions. Our proposed scheduling mechanism relies on more intelligent
decision-making to provide universality and adaptability.
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5.3 System Model

5.3.1 360-Degree Video Model

A raw panoramic video is broken into a set of consecutive video chunks, and each
chunk contains a fixed duration of seconds. Further, each chunk c can be sliced into
multiple frames. We index frames by the elements of set Fc = {fc, fc+1, fc+2, · · · }.
In tile-based HTTP adaptive streaming [147], as described in Fig. 5.1, each frame
fi ∈ Fc is spatially partitioned into Z tiles which are indexed in raster-scan order,
denoted by Z = {1, · · · z · · · , Z}. The subframe after tiling is denoted by fi,z.

To exploit temporal redundancies, a number of consecutive tiles that share the
same spatial indicator z are often encoded as a group for the purpose of encoding
efficiency. This grouping is referred to as a Group of Picture (GoP), e.g., GoP 1
and GoP 2 in Fig. 5.1, which consists of a sequence of frames, including I-frames,
P-frames, and B-frames. Let Gz be the GoP associated with the tile z, we have
Gz = {fc,z, fc+1,z, · · · , fi,z, · · · }. Note that both the element ordering and the number
of elements within set Gz may vary among tiles, depending on the grouping strategy.
hi,z denotes the frame type of fi,z, so hi,z ∈ {I, B, P}.

On the other hand, each tile is encoded independently at several qualities on
demand to adapt to network dynamics. When the network condition is poor, the video
server will select the tiles with lower quality to transmit. Denote by qi,z the quality
level of frame fi,z belonging to tile z. Noting that the video quality is the hardest
element to measure, researchers usually take video bitrate to track. For instance, for
a 360-degree video comprising 100 video chunks, with video bitrates ranging from 1
Mbps to 20 Mbps, encompassing eight quality increments. The selection of bitrates
for different representations was designed to achieve a roughly linear increase in video
quality, as measured by the Peak Signal-to-Noise Ratio (PSNR). Therefore, we can
utilize the representation index as an indicator of video quality.

When viewing a 360-degree video, a user can focus on an area at certain direction
and with limited horizontal and vertical spans, as known as Field-of-View (FoV).
As depicted in Fig. 5.1, a FoV covers multiple tiles and it may change from time
to time depending on the head movement. Let a matrix v ∈ {0, 1}I×Z indicate
whether a tile is inside the FoV or not. The element viz ∈ v equals 1 if fi,z is
viewed and 0 otherwise. Denote by Vs the viewed tiles for chunk c, and we have
Vc = {fi,z|∀i, z : fi ∈ Fc, viz = 1}.
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Figure 5.1: Tile-based adaptive streaming for 360-degree video.

5.3.2 Frame Transmission Model

In the context of 360-degree video, data are divided into frames. MPQUIC is an
extension of QUIC (Quick UDP Internet Connections), a modern transport protocol
developed by Google that operates over UDP (User Datagram Protocol). It supports
frame-level scheduling so that the MPQUIC scheduler can determine which frames
are transmitted over which path, ensuring that important content is rendered quickly
at the receiver side.

Let M = {1, . . . ,M} be the set of available MPQUIC paths. Denote by wm

and τm the congestion window and RTT on path m, respectively. With a scheduling
policy Π, the selected frames to transmit on path m are stored in set Sm = {fi,z|fi ∈
Fc, z ∈ Z}. Based on the sending order of each frame, we rewrite Sm as S ′

m =

{f (1), f (2), · · · , f (x), · · · }, where x indicates the order of fi,z to be scheduled.
Packetization in MPQUIC involves encapsulating frames into UDP packets for

transmission over the network. Denote by gx the number of packets that frame f (x)

has. gx is determined by several factors, such as frame duration and the selected
quality level. Assume when scheduling starts at time instance t∗, there are x − 1

preceding frames before f (x). The latency experienced by f (x) before it arrives at the
receiver includes both the queuing time at the sender side and the in-flight time on
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the network side. Denote by ax the arrival time of f (x), we have

ax = t∗ +

∑x
j=1 gj ·MSS

Φ
+ rmin · τ +OWD, (5.1)

where MSS means the maximum segment size in bytes, Φ stands for the transmission
rate over the wireless or wired links, τ refers to the round-trip time (RTT) over the
end-to-end (E2E) path, and OWD is the one-way path delay which is estimated to be
approximately half of τ . The term, rmin ∗τ , considers a variety of extra delays such as
the retransmission delay and the delay waiting for the availability of the congestion
window, and rmin means the minimum extra rounds of transmission needed to ensure
all
∑x

j=1 gj packets arriving at the receiver successfully. If the total number of packets
belonging the first x frames does not exceed the efficient window (w∗) within one RTT,
i.e.,

∑x
j=1 gj ≤ w∗, rmin = 0. Otherwise, rmin is expressed as follows [160]

rmin = argmin
R≥2

{w∗ +
R∑

r=2

E [nr] ≥
x∑

j=1

gj}. (5.2)

Specifically, w∗ depicts the expected number of packets arriving at the receiver suc-
cessfully within one RTT given the congestion window is w and the packet loss rate
is ϵ, it is calculated as w∗ = wϵ because packet losses are independent of each other
and the probability that n out of w packets are lost obeys the Binomial distribu-
tion [48,50,106,160]. E [nr] in (5.2) can be derived as follows,

E [nr] =
3∑

u1=1

3∑
u2=1

. . .
3∑

ur−1=1

P
(
s1, su1|2

)
·
r−1∏∏∏
v=2

P
(
suv−1|v, suv |(v+1)

)
· w(sur−1|r)ϵ, r ≥ 2,

(5.3)

where sur|r denotes the possible phase in the r-th transmission round, here ur ∈
{CA, SS,RTO}. P

(
suv−1|v, suv |(v+1)

)
represents the probability of network state tran-

sition.
It is worth noting that fi,z and ai,z are equivalent to f (x) and ax, respectively. The

equivalent pair of notations will be used interchangeably throughout this chapter.
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Figure 5.2: A typical MPEG frame sequence.

5.3.3 Video Decoding Model

On the client side, a 360-degree video decoder processes frames from a GoP to recon-
struct the immersive video content. A frame decoding failure may cause unsuccessful
decoding for the subsequent frames, thus leading to a long freezing time.

Fig. 5.2 illustrates a typical MPEG frame structure [46], featuring three types
of frames: I-frames, B-frames, and P-frames. The arrows in the figure represent the
decoding dependency relationships among these I, B, and P frames, highlighting how
each frame type influences the decoding process of the others.

An I-frame is a fully encoded frame so that its decoding does not depend on any
other frame. It serves as an anchor or referencing point for the subsequent P and B
frames within the same GoP directly or indirectly. A P-frame contains the changes
or differences from the reference frames, and it depends on previous I-frames or P-
frames. A B-frame is a bidirectional frame that depends on adjacent I and/or P frame
pairs.

In this case, the arriving time of different frames in a GoP can significantly affect
decoding and video smoothness, especially in scenarios with limited receiving buffers
or variable network conditions.

Assuming the frame sequence within a GoP Gz is always starting with an I frame
and ending before the next I frame. Let di,z be the time that frame fi,z ∈ Gz is
successfully decoded and displayed. For I frames, di,z = ai,z. For P frames, the
decoding time is determined by both their own arrival time and the decoding time of
the preceding I or P frames, so we have di,z = max{ai,z, di−,z} where i− = max{x|x <

i, hx,z ̸= B, fx,z ∈ Gz}. Similarly, for B frames, di,z = max{ai,z, di−,z, di+,z} where
i+ = min{x|x > i, hx,z ̸= B, fx,z ∈ Gz}.
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5.3.4 QoE Model

To quantify users’ perceived quality during the playback time of each chunk c, we
take into account three QoE metrics as follows.

1) Average Quality Q0(Vc). Since only video content in the viewing area con-
tributes to user-perceived quality, the average quality is calculated over all frames in
the viewing area, i.e.,

Q0(Vc) =
1

IZ

I∑
i

Z∑
z

viz · qi,z.

where viz ∈ v is the indicator of whether the tile fi,z is inside the viewport, and qi,z

represents the quality level. Since the QoE metric is measured for each chunk, I refers
to the total number of frames included in a chunk.

2) Rebuffering time Trebuff. In the tile-based 360-degree video, the rebuffering event
could happen over each tile independently. Let Bz and C be the buffer occupancy
in bytes corresponding to tile z and the bitrate, respectively. The left play-time ∆T

is then calculated by ⌊8Bz/C⌋. The rebuffering time for each tile is the difference
between the left play time and the latency of transmission and decoding successfully,
i.e., Trebuff(fi,z) = max{0, di,z −∆T}. By averaging over all tiles, we have

Trebuff(Vc) =
1

IZ

I∑
i

Z∑
z

Trebuff(fi,z). (5.4)

5.3.5 Problem Formulation

With the QoE model defined above, we aim to find an optimal scheduling policy Π

to provide a high QoE score for users. The problem is formulated as follows.

max
Π:⟨fi,z ,m⟩

{Q0 − ωrTrebuff} (5.5)

Here ωr is the weight to penalize rebuffering events.
The scheduling policy Π needs to decide path m for each frame fi,z, and to achieve

the optimized QoE score which is affected by many factors including the application-
level and network-level factors. Therefore, it is challenging to make an intelligent
decision. The existing heuristic multipath scheduling algorithms fail to handle this
problem because the fine-tuned model they proposed is for a specific environment
with strong assumptions and it lacks generalization across network conditions and
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Figure 5.3: The RIDE framework.

QoE objectives.
Inspired by this fact, we present an actor-critic-based RL algorithm RIDE to

discover the relationship between the environment and QoE metrics for 360-degree
video clients. RIDE learns to make scheduling decisions through observations of the
resulting rewards of past actions.

5.4 Our Proposal

In this section, we elaborate on how to build the learning system to solve the for-
mulated QoE maximization problem. Fig. 5.3 gives the overview of the proposed
QoE-oRIented DEadline-driven (RIDE) algorithm. The detailed description is given
below.

5.4.1 Markov Decision Process

In order to model the complex dynamic process, we model the 360-degree video
streaming as a Markov decision process (MDP). In general, the MDP process is
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characterized by a tuple ⟨S,A,P ,R, γ⟩, where S is the state space, A is the action
space, P(s′|s, a) is the probability of transitioning to s′ ∈ S from state s ∈ S and
action a ∈ A, R denotes the reward design and r(s, a, s′) is associated with the
transition (s, a, s′), and γ ∈ [0, 1) is a discount factor. A policy π : S → ∆(A) is
defined as a mapping from the state space S to the probability distribution over the
action space A.

As depicted in Fig. 5.3, the sender, i.e., the video server, is knowledgeable about
some information, so it plays the role of an intelligent agent. At each coherence time
slot t, the agent observes a state st ∈ S which showcases both the features of the
video frames to be fetched and the real-time network conditions, it chooses an action
(i.e., the path selection) according to the state-action mapping relationship defined
in π: at ≜ π(st). After choosing at, the agent receives a reward r(st, at, st+1) at time
slot t+1 based on the reward function R and the environment turns to the next state
st+1 based on the transition probability function P(st+1|st, at).

In the following, we will present how the critical elements of the MDP are designed.

5.4.2 State Space

From the QoE model, we observe that numerous factors are pertinent to QoE met-
rics for 360-degree video streaming. However, it would cause a high dimension of
state space and a lengthy training process if we exhaustively list all potential factors.
Therefore, we aim to explore an appropriate state space that accommodates the most
important features to ensure learning accuracy and also limits the state dimension to
provide learning efficiency.

Similar to most existing solutions, in our RIDE framework, the state space S also
takes into account the following network conditions:

• ŵm: available cwnd over path m. This indicator is critical because it reflects
the magnitude of cwnd and in-flight bytes, which affects the queuing delay of a
certain frame at the sender side.

• bm and τm: the bottleneck bandwidth and rtt on path m. These two metrics
shape the bandwidth-delay product over an end-to-end (E2E) path, in turn
affecting the maximum throughput the path can achieve.

• ϵm: the loss rate over path m. The reason behind the packet loss in wireless
networks is complicated. It could stem from wireless channel fluctuations, path
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Figure 5.4: Decoding dependency tree.

failure, or link congestion [163]. ϵm is crucial for QoE performance because it
impacts the reliability of the key frames’ transmission.

As we described above, interactive 360-degree videos face unique challenges, such
as stringent frame deadlines and FoV changes. Therefore, in addition to the above
features of network conditions, RIDE introduces two critical features related to the
frame information.

Frame Deadline

To provide a good user experience, existing studies are motivated to control the
completion time of video frames within a certain threshold. The in-time frame arrivals
contribute to the QoE gain while the overdue frame will be discarded and followed
by degraded QoE performance. For instance, designs in [127, 140] demonstrate an
improved video streaming performance when they use the threshold of 150 ms.

Applying the same delay constraint to all frames is not desirable for interactive
streaming services for two reasons. First, as discussed in Section 5.3.3, in MPEG
frame structures, the importance of each frame type varies. I frames are paramount
in the decoding process, followed by P frames, with B frames being the least critical.
Given this fact, it is necessary to apply differentiated time constraints to each frame
type. Second, interactive applications demand that frames arrive by precise deadlines.
Imposing a uniform completion time on all frames does not ensure timely arrivals,
potentially compromising the effectiveness of the streaming service.

Therefore, we introduce a frame deadline for each tile, denoted by Γ to the state
space. Γ indicates the latest time point at which the arrival of a frame remains
effective for either the playback itself or for the decoding of subsequent frames.

Fig. 5.4 is a dependency tree created for the frame sequences in Fig. 5.2. We
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Figure 5.5: An FoV change example: the user’s viewpoint switches back and forth
between tiles 1 and 2 over time.

observe that I frames serve as root nodes, the child nodes of a P frame include the
neighboring B frames and the subsequent P frame, and B frames are located at leaf
nodes. Assuming each GoP Gz starts with an I frame and ends before the next I
frame, the deadline of frame fi,z ∈ Gz, Γi,z can be expressed as

Γi,z = tplayback(fj,z), (5.6)

where tplayback(fj,z) means the playback time of frame fj,z and j is defined as follows.

j =


max{x|fx,z ∈ Gz}, if hi,z= I
min{x|x ≥ i, hx,z = P, fx,z ∈ Gz} or
max{x|fx,z ∈ Gz}, if hi,z= P
i, if hi,z= B.

(5.7)

Note that for a P frame, j is calculated by max{x|fx,z ∈ Gz} whenever there are no
additional P frames following the current one; instead, there may be a sequence of
subsequent B frames.

Following the example in Fig. 5.4, ΓI1 = tplayback(fB6), ΓP1 = tplayback(P2), and
ΓB1 = tplayback(B1).

However, in the context of 360-degree video applications, FoV changes frequently,
raising the new challenge of calculating the frame deadline. As shown in Fig. 5.5, the
user does not keep staring at tile 1, instead, the viewpoint switches back and forth
between tiles 1 and 2. For frames within G1, the value of Γ is updated as follows.
ΓI1 = tplayback(fB5) because frame B6 is not viewed, and ΓP1 = tplayback(P1) because
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frames B3, B4, and P2 of tile 1 are not covered by FoV.
Recall that we denote viz ∈ v as an indicator of whether a tile is inside the FoV

or not. By taking into account the impact of FoV change, therefore, (5.7) is updated
as

j =



max{x|vxz = 1, fx,z ∈ Gz}, if hi,z= I
nextP, or
max{x|i < x < nextP, hx,z = B, fx,z ∈ Gz}, or
max{x|vxz = 1, fx,z ∈ Gz}, if hi,z= P
i, if hi,z= B.

(5.8)

nextP in (5.8) is given by min{x|x ≥ i, hx,z = P, fx,z ∈ Gz} and j = nextP only if
nextP is viewed.

The Size of the Frame and Dependencies

In addition to the frame deadline, frame size significantly impacts QoE performance.
Therefore, we incorporate the frame size into the state space for better training results.
Let Li,z be the frame size of fi,z.

However, fluctuations in the FoV and the dependency relationships among frames
present a unique challenge. As depicted in Fig. 5.5, FoV 2 encompasses three frames
of tile 2. According to decoding theory, frames I1 and P1 of tile 2 need to be fetched
alongside the viewed frames B3, B4, and P2 to successfully decode these latter three
frames. Consequently, the size calculation for frame B3 must consider not only its
own size but also the aggregated size of the frames on which B3 depends.

In summary, the state space S is given by S = (ŵ,b,d, e,Γ, L), where ŵ = {ŵm},
b = {bm}, d = {τm}, e = {ϵm}, and m ∈ [1,M ]. It is noteworthy that extensive
research has been conducted on predicting short-term FoV changes for 360-degree
video streaming, demonstrating that prediction accuracy can reach 94.2% within a
look-ahead window of 0.2 seconds, equivalent to approximately 7 – 10 frames [53].
Based on this, we assume the short-term FoV trajectory is known, allowing us to
primarily focus on the design of multipath scheduling. In our future work, we will
consider both the improvement of the FoV prediction and the intelligent scheduling
design.
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5.4.3 Action Space

In this subsection, we will address three key questions. First, we will define the design
of the action space. Second, we will identify which entity is chosen as the agent and
explain the rationale for this choice. Third, we will discuss the frequency of action
updates.

In the presence of multiple paths available, the action space is a sequence of
discrete path numbers, i.e., A = (1, 2, · · · ,M).

When bandwidth is limited and a frame’s deadline is approaching, continuing to
transmit a large frame can exhaust the available bandwidth, thereby delaying the
arrival of subsequent, more critical frames. Consequently, it may be beneficial to skip
the transmission of this frame altogether, without choosing any path for transmission.
We represent this skipping option with the digital number -1. After incorporating
this action into the action space, we have A = (−1, 1, 2, · · · ,M).

As illustrated in Fig. 5.3, the output of the actor-network is directed to the sched-
uler at the sender, meaning the video server acts as the intelligent agent responsible
for making scheduling decisions. There are two primary reasons for designating the
server as the agent. First, the action space pertains to scheduling decisions, which
are typically made by the sender. While it is feasible for the receiver to choose the
desired data path, this would necessitate additional signaling between the sender and
the receiver in practice. Second, the video server has more comprehensive knowledge
about the video content, such as the frame structure and frame types, making it more
straightforward for the sender to gather relevant states associated with the frames in
the sending buffer.

The RIDE learning model takes frame information as input to determine which
path ensures timely delivery or high quality for the entire frame. Consequently, our
scheduling decisions are made at the tiled-frame level rather than the packet level.
This approach means that RIDE executes action prediction each time the sender
handles a new tiled frame.

5.4.4 Reward Design

In RIDE, the reward design is closely aligned with the QoE objectives. Given that
QoE is assessed based on two key metrics, i.e., frame quality and rebuffering time,
we propose a workflow in Fig. 5.6 for designing the reward component.

Fig. 5.6 illustrates four scenarios that demonstrate the relationship between the
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Figure 5.6: Frame decoded time vs QoE performance: (a) being decoded earlier
than its playback time; (b) in the middle of the playback duration; (c) missing the
playback time itself but helping the subsequent frames decode; (d) being decoded
too late to enhance the QoE.

frame’s time of being successfully decoded and the QoE performance. These scenarios
categorize the frame fi,z into four distinct stages based on its decoded time, di,z.

First, Early Arrival (EA) stage. If a frame arrives and is decoded before its
scheduled playback time, denoted as t1(fi,z) (i.e., di,z < t1), it is stored in the receiver’s
buffer and awaits playback. The earlier a frame is decoded, the more data the receiver
can buffer, enabling higher-quality requests for subsequent frames. Consequently, the
duration of the EA stage can serve as an indicator of frame quality. Let TEA be the
length of EA, we have

TEA =

0, if di,z ≥ t1(fi,z)

t1(fi,z)− di,z, otherwise.
(5.9)

Second, Effective Playback (EP) stage. The time interval [t1, t2] represents the
effective playback time duration of the frame. For interactive streaming applications,
the segment is played in real-time, with the same pace as the video-generating process.
Fig. 5.6(a) shows that if the frame has been in the EA stage, the entire frame playback
is effective. However, as shown in Fig. 5.6(b), if the frame decoded time is later than
the scheduled playback time, i.e., t1 ≤ di,z ≤ t2, the video content for the interval
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[t1, di,z] would experience freezing, leading to rebuffering events, while the playback
from [di,z, t2] remains effective. Thus, the length of the EP duration also serves as a
critical indicator of frame quality during viewing. We utilize TEP to record the EP
length, which is given by

TEP =

0, if di,z ≥ t2(fi,z)

t2(fi,z)−max{di,z, t1(fi,z)}, otherwise.
(5.10)

Third, Decoding Helper (DH) stage. As discussed above, the successful decoding
of I and P frames is not only necessary for their own display but also helpful for
subsequent frames in decoding. Therefore, we introduce the variable TDH to quantify
the impact of a frame’s decoded time on the decoding of other frames, and

TDH =

0, if di,z ≥ Γi,z

Γi,z −max{di,z, t2(fi,z)}, otherwise.
(5.11)

where Γi,z means the frame deadline of fi,z.
Last but not least, Rebuffering stage. Here the rebuffering time may consist

of two components: the rebuffering time experienced by the current frame and the
subsequent frames. As depicted in Fig. 5.6(c) and (d), when di,z > t2, the display
period between [t1, t2] experiences freezing. The late decoding of the current frame
causes decoding delays for the following frames, leading to further rebuffering. Denote
by Trebuff the rebuffering time. As presented in Fig. 5.6, the rebuffering event occurs
in three cases and Trebuff is given by

Trebuff =

0, if di,z ≤ t1(fi,z)

min{Γi,z, di,z} − t1(fi,z), otherwise.
(5.12)

The reward is finally designed as follows,

r =


− (Γi,z − t1(fi,z)) , if a = −1

α · TEA + (1− α) · (TEP + TDH)

−Trebuff − Tcost, otherwise

(5.13)

The condition a = −1 indicates that the chosen action is to skip transmitting the
frame. As a result, this frame and its potential dependents will experience rebuffer-
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ing without any effective playback time. In the second condition of (5.13) where
a ∈ M, both TEA, TEP , and TDH contribute positively to frame quality, whereas
Trebuff (rebuffering time) negatively impacts it. Therefore, we use the parameter α to
calculate the weighted positive reward. However, unlike the option of skipping the
frame, achieving this positive reward incurs resource consumption. To encourage the
agent to learn the tradeoff between reward and cost, we include a negative term −Tcost

for the reward design under the second condition. Here Tcost is the transmission delay
for frame fi,z, calculated as Tcost =

Li,z ·MSS

Φa
.

5.4.5 The Actor-Critic Architecture

As shown in Fig. 5.3, we adopt the actor-critic (AC) architecture to find out the opti-
mal policy π for the above problem. The traditional Q-learning is a two-dimensional
tabular method that uses a Q-table to evaluate the system performance of actions
taken in each state. However, since the state of the tiled frames and subflows is com-
plex and flexible, the state and action set of the two-dimensional Q-table is limited.
It is impractical to use a Q-table to store all actions. It is also time-consuming to
frequently search for the corresponding state-action pairs in the Q-table. Therefore,
we elected to use AC to train our models.

Specifically, we use Proximal Policy Optimization (PPO) [120] algorithm to solve
our formulated stochastic game problem, which follows the actor-critic architecture
that is composed of an interactive pair of policy and value networks. The major reason
to choose PPO is because it has outstanding performance and lower computational
complexity.

5.5 Evaluation

In this section, we examine the performance of RIDE by comparing it to the two
state-of-the-art algorithms below.

• Round Robin (RR): RR is the easiest but unintelligent policy to distribute
packets over multiple paths in a round-robin fashion, which may cause high
latency when two flows have a large difference in bandwidth and RTT.

• minRTT: provided that the congestion window still has space, the path with
the lowest measured RTT is preferred.
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• Peekaboo [139]: it is a novel CMAB-based MPQUIC scheduler. It strives to
learn the dynamic characteristics of the heterogeneous path including path RTT
and loss rate, and then makes decisions about whether to schedule packets into
the path with undesirable conditions immediately or wait for the availability of
the path with good conditions.

5.5.1 Settings

Video Dataset and FoV Trajectory: In our experiments, we adopt a video
dataset from [90] consisting of ten 360-degree videos, each with a duration of 60 sec-
onds. These videos are categorized into two types based on their content: computer-
generated and natural scenes. They also vary in tempo, ranging from fast-paced to
slow-paced motions. Each 60-second video comprises 1800 frames, with each frame
lasting approximately 33 milliseconds. Further, each frame is spatially divided into
10× 20 tiles to facilitate detailed analysis and processing.

The provided dataset includes both data content information and sensor data
traces. The data content information offers detailed descriptions of each frame, in-
cluding saliency maps and motion maps. Additionally, the sensor data component
comprises FoV trajectories collected from dozens of users, providing a rich dataset
for analyzing user interactions and viewing behaviors.

Given the provided dataset, we need to use the tools provided by FFmpeg [130]
and OpenCV [5] to process the data for later usage. FFmpeg is used to extract com-
prehensive frame information such as frame size, frame type (I/B/P), frame duration,
and frame deadline. Although FFmpeg provides the overall frame size, it does not
break down the size by individual tile, which is necessary in our experiments. To
address this, we then use OpenCV to manipulate the saliency maps of each frame.
We convert these maps into 10× 20 matrices of gray values, corresponding to the tile
dimensions used in the dataset. These gray values within each frame will be normal-
ized to ensure that their sum equals 1, reflecting the proportional significance of each
tile’s visual content. With the tile size being proportional to its saliency value, we can
determine the size of each tile by multiplying the total frame size by its corresponding
normalized saliency value.

Statistically, each GoP comprises 50 frames, which typically include 1 I-frame,
approximately 13 P-frames, and 36 B-frames. The size of each viewed tile varies
from 10 KB to 200 KB, depending on its saliency value and frame type. In general,
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I-frames have larger file sizes compared to P and B-frames due to their comprehensive
encoding.

We have selected four videos to serve as the training dataset and one video as the
testing dataset.

Network traces: In our experiments, we simulate the multipath transmission
consisting of LTE and WiFi networks. The RTT data traces of each path are gen-
erated by executing the ping command for 24 hours. During the training stage, we
respectively select a data trace over 10 hours for LTE and WiFi paths, and the rest of
the data traces are used during the testing stage. To match the frame duration (i.e.,
33 ms) of each video, we scale down the average RTT values of WiFi and LTE paths
to 20 and 30 ms. The bandwidth traces over WiFi and LTE paths are generated from
FCC [27] and HSDPA [117], respectively. The median bandwidth of WiFi and LTE is
around 40 Mbps and 20 Mbps. The packet loss rate traces for each path is controlled
by a uniform random variable.

Hyper-parameters: It is clear that the proposed RIDE algorithm consists of an
actor network and a critic network, each of which has one input layer, two hidden
fully-connected layers, and one output layer. Moreover, each hidden layer has 64
neurons. We use the rectified linear unit (ReLU) function to describe the activation
function in each hidden layer. The learning rate is set to 0.0003 and the discounted
factor is 0.99. In addition, the training process of our proposed algorithm has 30000
episodes, each of which contains around 40 time steps. The number of time steps
depends on the number of viewed tiles for each video frame.

5.5.2 Numerical Results

1) Reward: this result is calculated based on (5.13). This metric gives an overview
of the QoE performance.

During the testing phase, we conducted a total of 1800 episodes, where each
episode corresponds to the processing of a single frame, involving approximately 40
tiles, thereby constituting 40 time steps per episode.

Fig. 5.7 illustrates the cumulative reward over 40 time steps across episodes. Our
proposed RIDE algorithm consistently outperforms benchmark algorithms, achieving
the highest rewards. It is followed by the RR algorithm and then Peekaboo. The
minRTT algorithm scores similarly to Peekaboo but exhibits sharp fluctuations, which
are less desirable for managing network dynamics. In contrast, RIDE maintains a
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Figure 5.7: The cumulative reward on each episode.

relatively stable reward score, approximately 100, starting from the 1000th episode
onwards. This stability underscores its robustness in handling network variations
effectively.

Peekaboo has the similar design rationale as RIDE, the former adopts the idea of
MAB which is a simpler version of RL algorithm, and the latter employs the action-
critic framework. However, the experimental results demonstrate that RIDE substan-
tially outperforms Peekaboo in dealing with 360-degree video streaming. Moreover,
even the simplest RR algorithm achieves a higher reward than Peekaboo. The limita-
tion of Peekaboo lies on the fact that the state space and reward design of Peekaboo
do not match the demand for interactive streaming applications.

What’s more, the significant reward fluctuation with minRTT states that solely
considering the delay cannot guarantee a good user experience.

Peekaboo and RIDE share a similar design rationale: Peekaboo utilizes the Multi-
Armed Bandit (MAB) approach, which is a simpler variant of RL, while RIDE em-
ploys a more complex actor-critic framework. Experimental results reveal that RIDE
significantly outperforms Peekaboo in handling 360-degree video streaming. Inter-
estingly, even the simple RR algorithm achieves higher rewards than Peekaboo. The
primary limitation of Peekaboo stems from its state space and reward design, which
do not truly match the demands of interactive streaming applications.

Furthermore, the significant reward fluctuation with minRTT illustrates that fo-
cusing solely on minimizing delay is insufficient to guarantee a good user experience.

2) Frame quality distribution: To quantify the viewing frame quality, we
measure the viewing bitrate over the decoded data within a certain interval for each
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Figure 5.8: The viewing bitrate. The data counts the successfully decoded frames
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Figure 5.9: Throughput performance. The data counts the arriving data per second
regardless of whether it has been decoded.

algorithm. By counting the received and decoded frame in bytes at the receiver every
100 ms, we have the median bitrate and its standard variation as shown in Fig. 5.8.

Fig. 5.8 illustrates that the proposed RIDE algorithm achieves the highest frame
quality, averaging close to 2 Mbps. RR delivers the second-highest quality, while
Peekaboo and minRTT exhibit lower performance. Comparatively, RIDE’s average
frame quality is approximately twice that of RR and four times greater than that of
Peekaboo and minRTT.
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Figure 5.10: CDF of rebuffering time for different types of frames.

These results align with the trends of reward comparisons in Fig. 5.7, where RIDE
also outperforms RR, Peekaboo, and minRTT. This consistency demonstrates that
taking into account the EA and EP time duration in our reward design is effective
and efficient in enhancing the averaging frame quality.

To gain insight into the difference between the decoded data rate and the arriving
data rate, we further investigate the throughput data which is only related to the
data arriving time and the amount of arrived data but not the data decoded time.
Fig. 5.9 shows that all scheduling algorithms maintain the same level of throughput,
as opposed to the results shown in Fig. 5.8. On the other hand, compared to bench-
mark algorithms, RIDE maintains the smallest gap between the viewing bitrate and
throughput, which means superior bandwidth utility. Therefore, we conclude that it
is important for the agent to understand the decoding dependency among frames and
meet the frame deadline to guarantee good viewing quality.

3) CDF of rebuffering time: The rebuffering time is an important factor
in evaluating the video playback smoothness. In the following, we will separately
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evaluate the cumulative distribution function (CDF) of the rebuffering time that
different video frames suffer from. The results are given in Fig. 5.10.

Fig. 5.10(a) presents the CDF results for I frames. Initially, we can determine the
interruption rate for I frames by examining the proportion of data points where the
rebuffering time equals zero. For RIDE, 96.8% of I frames do not experience rebuffer-
ing, resulting in an interruption rate of 3.2%. By comparison, the interruption rates
for RR, Peekaboo, and minRTT are 10.3%, 14%, and 24.9%, respectively. Addition-
ally, the maximum freezing time varies among the different scheduling algorithms:
RIDE exhibits a maximum freezing time of up to 0.125 seconds, significantly less
than Peekaboo and minRTT, which can reach freezing times as long as 1.6 seconds.
This comparison highlights RIDE’s superior performance in minimizing disruptions
during video playback.

Since I frames are essential for the decoding of B and P frames, prolonged freezing
times of I frames can result in further delays in decoding B and P frames, leading to
a higher freezing ratio for these frames. Fig. 5.10(b) and 5.10(c) present the freezing
results for B and P frames, respectively.

In Fig. 5.10(b), the delay primarily occurs in two extreme cases: either 0 or
0.033 seconds. The effective playback window for B frames is quite short, at most
0.033 seconds, making it likely that B frames either meet their deadline or miss
their entire playback window. This binary outcome underscores the critical nature of
precise scheduling and timely data transmission for maintaining smooth playback of
B frames.

Fig. 5.10(b) demonstrates that with the RIDE algorithm, 97.4% of B frames
experience no rebuffering and display smoothly. In contrast, the corresponding figures
for RR, Peekaboo, and minRTT are 73.9%, 36.7%, and 26.3%, respectively. Similarly,
Fig. 5.10(c) reveals that for P frames, the proportion experiencing zero rebuffering
is 98.6% with RIDE, 75.1% with RR, 59.9% with Peekaboo, and only 35% with
minRTT.

These statistics highlight RIDE’s superior performance in minimizing rebuffering,
ensuring a smoother and more consistent playback experience for both B and P
frames.

4) Frame skipping ratio: In addition to path selection, our action space pro-
vides the option to skip sending a frame. We have analyzed the skipping ratio for
I, B, and P frames using the RIDE algorithm, with the results presented in Table
5.1. It reveals that the skipping ratios for I, B, and P frames are similarly around
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Table 5.1: The skipping action for I/B/P frames

I B P
Total frames 1332 45252 17856

Skipped frames 30 862 356
Skip ratio 2.2% 2% 2%
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Figure 5.11: CDF of frame delay.

2%. Skipped video frames result in freezing, indicating that the zero rebuffering per-
centage for the RIDE algorithm in Fig. 5.10 should be adjusted downward by 2%.
Consequently, the adjusted zero-rebuffering ratios for RIDE for I, B, and P frames
are 96.8%, 95.4%, and 96.6%, respectively. Despite this adjustment, RIDE main-
tains its superior performance. This demonstrates that the option to skip frames can
contribute to quality improvement without leading to significant rebuffering issues.

5) Delay distribution: Interactive streaming applications are highly sensitive
to delays. To better understand this, we have analyzed the distribution of delays each
frame endures under different scheduling algorithms.

Fig. 5.11 presents the CDF results of the latency experienced by each frame from
the time it is scheduled to when it arrives at the receiver. We observe that the 95th
percentile of frame latency for RIDE is 0.11 seconds, while for RR, Peekaboo, and
minRTT, the corresponding latencies are 0.13, 0.22, and 0.15 seconds, respectively.
This reduction in frame delay underscores the effectiveness and efficiency of RIDE’s
design.



127

5.6 Summary

Interactive 360-degree video is not only bandwidth-intensive but also highly sensitive
to delays. Ensuring both high video quality and smooth playback experience re-
mains a critical issue. In this chapter, we introduce a QoE-oRIented DEadline-driven
(RIDE) algorithm for multipath scheduling at the tile level, designed to provide users
with a satisfactory Quality of Experience (QoE). RIDE employs a dependency tree to
understand deadlines for different types of frames and considers the negative impacts
of FoV changes on scheduling decisions. Utilizing an actor-critic framework to train
the neural network enables the scheduler agent to adapt to dynamic environments,
including network and FoV dynamics. Evaluation results based on the real-world
360-degree video dataset show that RIDE can achieve up to four times higher frame
quality and lower the interruption rate by 50% against benchmark algorithms.
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Chapter 6

Conclusion

To make the visions of the 6G era a reality, in this dissertation, we conduct a series of
research threads focusing on QoE-Oriented Multipath QUIC Protocol Design in 6G
Mobile Networks.

The first thread introduces a mobility-aware multipath QUIC (MMQUIC) proto-
col, which comprehensively studies the negative impacts of mobility (considering both
end-user and network mobility) on multipath scheduling and formulates the reorder-
ing delay in mobile environments as a minimization problem. Extensive experimental
comparison shows that MMQUIC achieves substantial QoE gains. This line of re-
search has led to multiple publications [124,160,163,164] in IEEE/ACM Transactions
on Networking (ToN), IEEE Transactions on Wireless Communications (TWC), and
IEEE Globecom. We are currently discussing the reordering issues within different
paths. Mitigating the reordering issue within the same path will be a future research
direction.

The second thread gives an analytical framework of MPQUIC-enabled LEO satel-
lite networks (LSNs), and designs a multipath congestion control algorithm, which
solves three major challenges in such context: bandwidth underutilization, inaccurate
congestion signal, and unsatisfactory responsiveness. This line of research has led to
multiple publications [161,166] in IEEE Transactions on Mobile Computing (TMC),
and IEEE MSN. In future research, we will investigate new challenges to designing the
congestion control algorithm for MPQUIC when the access network is heterogeneous,
e.g., MPQUIC accesses to WiFi, 5G, unmanned aerial vehicle (UAV), and satellites
simultaneously.

The third one designs a QoS-driven contextual MAB (QC-MAB) framework to
support video streaming in mobile networks. Through access network selection and
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forward error correction (FEC) configuration, QC-MAB can effectively mitigate the
negative impact of mobility on QoS. This line of research has led to multiple (poten-
tial) publications [121,162] in IEEE TMC, and IEEE VTC. In future research, we will
consider how to adapt the coding rate to the network conditions with the assistance
of advanced learning tools.

Last but not least thread introduces a QoE-oriented Deadline-driven (RIDE) al-
gorithm for multipath scheduling at the tile level, designed to provide users with a
satisfactory Quality of Experience (QoE). In future research, we will jointly design the
bit rate adaptation at the application layer and multipath scheduling at the transport
layer to cope with more sophisticated scenarios.
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