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Abstract

As fifth-generation (5G) networks approach maturity and widespread deployment, both
industry and academia are turning their attention to sixth-generation (6G) networks. It
is anticipated that 6G networks will support an unprecedented diversity of services with
heterogeneous user requirements, accelerating the shift from service-oriented to experience-
centric resource management. Among these services, short video streaming has become
one of the majority of users’ daily mobile traffic consumptions due to its highly engaging
content, but this also leads to substantial traffic increase, especially in densely populated
areas. Considering the popularity-based and user similarity-driven recommendation prin-
ciples in short video platforms, multicast transmission over the air can effectively relieve
traffic pressure by delivering the same video data to a group of users with similar charac-
teristics and locations. Quality of experience (QoE), as a subjective performance metric
in experience-centric resource management, can reflect the user satisfaction level on mul-
ticast short video streaming, which usually consists of rebuffer time, video quality, and
video quality variation. To achieve experience-centric resource management, digital agent
(DA), as a cutting-edge technology in 6G networks, owns advanced status emulation, data
analytics, and decision-making capabilities, which can perceive network dynamics, abstract
hidden behavior patterns or QoE models, and solve complex optimization problems. The
interesting issue is maximizing user QoE in multicast short video streaming under limited
radio and computing resources within dynamic network environments. However, the main
technical challenges are: (1) how DAs abstract user swipe behavior patterns for large-
timescale resource reservation to enhance resource utilization and improve long-term user
QoE; (2) how DAs characterize multicast buffer dynamics for real-time resource alloca-
tion to alleviate buffer length overestimation and improve real-time user QoE; (3) how to
adaptively select appropriate DA models to assist resource management and timely update
them to further improve user QoE.

In this thesis, we develop an efficient DA-based resource management framework to
enhance user QoE for multicast short video streaming, including swipe behavior-aware re-
source reservation, multicast buffer-aware resource allocation, and network dynamics-aware
DA management. First, we propose a DA-based resource reservation scheme by consider-
ing dynamic user swipe behaviors to enhance resource utilization and large-timescale user
QoE. Particularly, user DAs are constructed for individual users, which store users’ his-
torical data for updating multicast groups and abstracting useful information. The swipe
probability distributions and recommended video lists are abstracted from user DAs to
predict bandwidth and computing resource demands. Parameterized sigmoid functions
are leveraged to characterize multicast groups’ user QoE. A joint non-convex bandwidth
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and computing resource reservation problem is formulated and transformed into a convex
piecewise problem by utilizing a tangent function to approximately substitute the concave
part. A low-complexity scheduling algorithm is developed to find the optimal resource
reservation decisions. Simulation results based on the real-world dataset demonstrate that
the proposed scheme outperforms benchmark schemes in terms of user QoE and resource
utilization. Second, we propose a DA-based resource allocation scheme by considering mul-
ticast buffer dynamics to enhance real-time user QoE. In specific, user statuses emulated
by DAs are utilized to estimate the transmission capabilities and watching probability
distributions of sub-multicast groups for adaptive segment buffering. The sub-multicast
groups’ buffers are aligned to the unique virtual buffers managed by DAs for fine-grained
buffer updates. A multicast QoE model consisting of multicast rebuffer time, video quality,
and quality variation is developed by considering the mutual influence of segment buffering
among sub-multicast groups. A joint optimization problem of segment version selection
and slot division is formulated to maximize user QoE. To efficiently solve the problem, a
data-model-driven algorithm is proposed by integrating a convex optimization method and
a deep reinforcement learning (DRL) algorithm. Simulation results based on the real-world
dataset demonstrate that the proposed DA-based resource allocation scheme outperforms
benchmark schemes in terms of user QoE improvement. Third, we develop an adaptive
DA-based resource management scheme to enhance long-term user QoE. Particularly, DAs
consist of user status data and data-based models, which can update multicast groups
and abstract user swipe features. An adaptive DA management mechanism for DA data
processing model selection and update is developed to adapt to user status dynamics. A
fine-grained QoE model is established by considering the impact of resource constraints
and DA model accuracy. A joint optimization problem of bandwidth and computing re-
source management is formulated to maximize long-term user QoE. To efficiently solve this
problem, a diffusion-based DRL algorithm is proposed, which utilizes the denoising tech-
nique to improve the action exploration capabilities of DRL. Simulation results based on
a real-world dataset demonstrate that the proposed adaptive DA-based resource manage-
ment scheme outperforms benchmark schemes in terms of user QoE, with improvements
of 18.4% and 20.5% under low and high user dynamics, respectively.

In summary, we have investigated DA-based radio and computing resource management
from the perspectives of large-timescale resource reservation, real-time resource allocation,
and adaptive DA management. The proposed approaches and theoretical results provide
valuable insights and practical guidelines for experience-centric resource management in
future 6G networks.
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Chapter 1

Introduction

1.1 Digital Agents in 6G

Digital Agents (DAs) represent an advanced paradigm in network management, by serv-
ing as intelligent proxies for physical entities within Sixth-generation (6G) communication
networks. Existing automation capabilities in communication networks, such as analyt-
ics services and decision-making functions, typically operate under the assumption that
information about network behaviors is readily available within these functions [1]. To
alleviate this issue, DAs are anticipated to provide new information on how the network
behaves or will behave, enabling a deeper understanding and modeling of network dy-
namics. Compared with Digital Twins (DTs), which primarily emphasize constructing
real-time digital replicas of physical entities to facilitate the monitoring and perception of
dynamic network states [2], DAs are more focused on intelligent reasoning and decision-
making. DTs usually enable real-time awareness of physical networks for timely resource
allocation [3], while DAs embed cognitive capabilities such as prediction, analysis, and
autonomous decision-making. In this sense, DAs can be regarded as goal-driven extensions
of DTs. By integrating advanced data analysis and processing methods, DAs can pro-
vide enhanced capabilities for network performance optimization through three primary
functions, including accurate network behavior emulation, intrinsic feature extraction, and
customized network decision-making [4], as shown in Fig. 1.1.

Firstly, DAs enable precise emulation of network behaviors, which can reflect poten-
tial real-world network status. Network behaviors consist of user behaviors, such as user
interaction frequency, locations, mobility speed, preferences, and network operational be-
haviors, such as load balance, topology configuration, and data routing. Through detailed
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Figure 1.1: An illustration of digital agent.

emulation and predictive modeling, DAs anticipate the network’s responses to varying con-
figurations and operational strategies without disrupting the actual infrastructure. This
capability allows network operators to validate configurations proactively and adjust net-
work management policies. Furthermore, data collection costs from physical networks can
also be effectively reduced by generating network status data through data analysis of
spatiotemporal correlations in historical data.

Secondly, DAs facilitate hidden feature extraction by analyzing extensive network data.
Since DA data are usually high-dimensional and time-series, such as varying channel con-
ditions and user locations in a high-density network, it is hard to directly use them to guide
efficient network management [5]. Therefore, accurate and efficient data feature abstrac-
tion is necessary. For instance, autoencoders can encode the high-dimensional DA status
data into a low-dimensional representation to capture the network traffic patterns and
user behavioral patterns. Furthermore, transformer models can accurately analyze spa-
tiotemporal correlations from DA data through its advanced attention mechanism [6]. The
abstracted features can simplify the network management problem and provide tailored
network management information.

Thirdly, DAs provide customized network decision-making capabilities tailored to user-
specific requirements. By integrating predictive analytics with Quality of Experience (QoE)
models, DAs can support personalized network management decisions to improve user sat-
isfaction. For example, in the network orchestration process, users can be clustered into
different groups based on their QoE model structures, where tailored resource scheduling
algorithms are designed to solve specific QoE optimization problems [4]. Since the net-
work management problem is usually complex and non-convex, it is difficult to directly
use model-based or data-based methods to solve the problem and obtain a near-optimal
solution. Therefore, data-model-driven algorithms can be developed in the DAs to improve
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Figure 1.2: An illustration of multicast transmission for short video streaming.

QoE.

In summary, DAs in 6G networks offer a transformative solution that bridges the gap
between network dynamics modeling and customized resource management. Through ad-
vanced behavior emulation, hidden feature extraction, and tailored decision-making, DAs
are expected to substantially enhance network performance and ultimately shape the future
landscape of 6G networks.

1.2 Multicast Networks for Short Video Streaming

With the explosive growth of short video applications, efficient streaming methods are
critical to ensure low latency and optimal bandwidth utilization. Multicast transmission
within Radio Access Networks (RANs) has emerged as a promising solution for addressing
the challenges inherent in delivering short video content to large-scale audiences simulta-
neously [7]. As shown in Fig. 1.2, multicast transmission in RAN enables a single stream of
data to be efficiently delivered to multiple user devices without replicating individual data
packets for each group at the air interface. The group’s information, such as locations,
Channel State Information (CSI), buffer lengths, and preferences, are usually reported to
base stations to adjust multicast transmission strategies. This significantly enhances radio
resource utilization compared to traditional unicast streaming, where each user requires
an independent wireless connection. In the context of short video streaming, characterized
by brief durations, high-frequency requests, and bursty traffic patterns [8], multicast solu-
tions at the radio access level provide substantial benefits in terms of scalability, spectrum
efficiency, and reduced latency.

However, deploying multicast mechanisms in the RANs for short videos introduces



several challenges. Highly dynamic user behaviors observed in platforms, such as TikTok
or Instagram Reels, where users frequently initiate, pause, and switch videos, necessitate
sophisticated RAN multicast management strategies. These strategies must quickly adapt
to fluctuating user demands and rapidly changing wireless channel conditions, to ensure
a seamless streaming experience. Adaptive RAN multicast techniques, such as dynamic
multicast group management [9], radio resource scheduling [10], and proactive caching at
base stations [11], have been proposed and evaluated in recent studies.

Recent research has highlighted adaptive multicast frameworks within RANs that dy-
namically adjust multicast groups based on predictive analytics and real-time user behavior
modeling. Machine learning algorithms have been utilized to anticipate content popularity,
user access patterns, and radio channel quality, which can proactively cache and efficiently
distribute popular short videos directly at the base station level [12, 13]. This approach
achieves lower start-up delays and significantly enhances QoE. Furthermore, integrating
multicast strategies in RANs with edge computing infrastructure significantly enhances
performance by caching popular content at network edge nodes or base stations, which can
reduce latency and resource consumption and alleviate congestion in densely populated
areas. By leveraging edge multicast capabilities, network operators can efficiently serve
high-density user clusters, such as urban hotspots and event venues, where concurrent
viewing of trending short videos is common.

In summary, multicast networks offer a scalable and efficient approach to short video
distribution, particularly in scenarios involving large user populations. The continued
advancement in adaptive RAN multicast technologies, combined with predictive analytics,
dynamic group management, and edge computing, presents the substantial potential to
optimize short video streaming for user experience improvement.

1.3 Overview of Digital Agent-Empowered Multicast
Networks for Short Video Streaming

As shown in Fig. 1.3, we propose a DA-empowered multicast network framework for short
video streaming, which integrates content providers, core networks, cloud and edge servers,
multicast groups, and DAs in a scalable network infrastructure. Centralized and local con-
trollers are responsible for resource reservation and allocation by leveraging DA capabilities
to improve network performance and user experience. In the proposed framework, content
from various popular providers, including social media platforms and streaming services, is
initially stored in cloud and edge servers. The content delivery network utilizes multicast



[
| : ' !
| i< Pe d- I : . :
| ol IFos ’ % | I Watching Probability Multicast Group |
| e ’ @ | Resource | DA Data Distribution Managemem |
O
: ‘ cO : Reservation | Collection |
|
| | | = I »( Network Dynamlcs) Res%i;?[iz;’:a"d) :
| | 0B < : >
|
| | @ I Reservation QoE :
| $/® | B 2= | Window Models
I | Centralized — - |
| Controller | Communication and Computing |
I =2 | | Resource Reservation Decisions |
| | DA Model |
: | | Selection |
| | : l Video Segment Version Selection |
I | R : and Slot Division Decisions |
esource |
| - QoE
| : Allocation : S |
e oo |
| I Swipe Probabilit '
I p y
| | | - ( Distribution V) @rErss :
| | m"{g} | DA Model 4 |
: Multicast : I Update I
| ransmission | C Lotfalll l —(User & Network Status Emulation |
| o I ontroller : I
| n & | I DA Management DA-Based Resource Allocation l
| N I
< | \ ]

Figure 1.3: DA-empowered multicast network framework for short video streaming.

techniques to transmit video data from base stations directly to multicast groups, which
can significantly reduce network redundancy and bandwidth consumption.

Effective communication and computing resource management in multicast networks
involves two critical mechanisms: resource reservation and resource allocation, each op-
erating over distinct timescales. Resource reservation, executed over a large timescale,
aims to reserve resources based on long-term user demand patterns, content popularity,
and network dynamics. By proactively reserving sufficient communication bandwidth and
computing resources, network operators can guarantee service quality and overall user QoE,
particularly during peak demand periods.

At a small timescale, resource allocation dynamically distributes available resources to
individual multicast groups or users, which can react swiftly to short-term fluctuations
in network conditions and user requests. Efficient resource allocation requires real-time
decision-making mechanisms that consider current network states, instantaneous user be-
haviors, and immediate performance metrics. Adaptive resource scheduling algorithms and
predictive analytics can be utilized to maintain smooth and high-definition video streaming
performance.

DAs play a critical role in optimizing network resource management through three



core management components, i.e., DA management, DA-based resource reservation, and
DA-based resource allocation.

e DA management mainly involves efficient data collection, appropriate data processing
model selection, and timely model updates. For example, advanced data emulation
methods can be developed to aware user status in real time on the network side and
effectively reduce data collection frequencies. Since DA data are usually multidi-
mensional and dynamic, adaptively selecting an appropriate data processing model
to abstract network features can facilitate tailored resource management. Due to
data drift existing in DA data, DA models need to be timely updated to guarantee
accuracy. By developing efficient data collection, data processing, and model update
methods, DAs can provide more useful and accurate information for network resource
management.

e The DA-based resource allocation can emulate user status, such as locations, swipe
timestamps and buffer lengths, and network status, such as channel conditions and
available bandwidth and computing resources. Swipe probability distribution is an
important feature that needs to be abstracted, which can help DAs capture user
buffer dynamics to maintain accurate virtual queues. With the virtual queues and
user-specific QoE models, the network resource allocation problem of video segment
version selection and slot division can be effectively solved.

e The DA-based resource reservation can acquire user status and network status in-
formation from the DA-based resource allocation module. The acquired information
can be utilized to abstract watching probability distribution and network dynam-
ics. The front is integrated with clustered multicast groups to estimate resource
demands, while the latter can be used to determine the resource reservation window
size. Based on the estimated resource demands, resource reservation window size,
and QoE models, tailored resource reservation algorithms can be developed to make
communication and computing resource reservation decisions.

Overall, DA-empowered multicast networks can effectively improve multicast efficiency,
resource utilization, and user QoE, which can satisfy the growing demands of short video
streaming services.



1.4 Research Motivations and Challenges

In this section, we explore research motivations and challenges in multicast networks for
short video streaming from the following three aspects.

1.4.1 Resource Wastage and Low User Satisfaction in Resource
Reservation

Since user status usually differs from one user to another one, inaccurate user clustering
can lead to low transmission rates and resource wastage due to various channel conditions
and frequent swipe behaviors on uninterested video content, respectively. Therefore, it is
essential to develop an accurate and efficient user clustering scheme. Furthermore, due
to differentiated user satisfaction with service quality, multicast groups may have different
levels of satisfaction with the reserved bandwidth and computing resources. Therefore, it is
critical to establish the user QoE model to characterize the impact of resource reservation
on each multicast group’s satisfaction.

Designing an effective resource reservation scheme in multicast networks for short video
streaming needs to address the following challenges: 1) incorporating swipe behaviors in
resource reservation decision-making; 2) establishing the mathematical model between mul-
ticast groups’ user satisfaction and reserved resources. Specifically, users’ swipe behaviors
are stochastic and spatiotemporally varied, which are difficult to be predicted in real time.
Therefore, how to conduct effective data abstraction to obtain the distilled swipe feature
and utilize it to predict bandwidth and computing resource demands is challenging. Fur-
thermore, due to the dynamics of users’ personalized preferences and sensitivities to service
quality, the same amount of reserved resources to one multicast group can lead to different
user satisfaction at different time. Therefore, how to establish and update each multicast
group’s QoE model in each resource reservation window is challenging.

1.4.2 Overestimated Multicast Buffer Length in Resource Allo-
cation

Due to users’ stochastic swipe behaviors, users’ viewing sequences are usually nonsequen-
tial. The existing sequential buffering principle can cause the segments to be swiped to
not being buffered in time, resulting in playback lags. Moreover, users’ buffer lengths
are usually overestimated due to multicast segment buffering, which can bring inaccurate



rebuffering time estimation. Therefore, it is essential to develop an efficient segment buffer-
ing scheme that adapts well to users’ swipe behaviors. Furthermore, user QoE model is
typically composed of multiple factors. Due to the impact of multicast transmission and
segment buffering priority, different QoE factors among sub-multicast groups influence
each other, collectively impacting the multicast group QoE. Therefore, it is paramount to
establish a QoE model specifically tailored for multicast short video streaming. Finally,
since network management is usually a multivariable decision-making problem, such as
the segment version selection and resource scheduling, the interplay among the variables
makes the optimization problem complex and difficult to solve. Therefore, how to design
an efficient algorithm to solve it for users’ high QoE is important.

Designing an efficient resource allocation scheme in multicast networks for short video
streaming needs to address the following challenges: 1) incorporating the impact of users’
swipe behaviors in multicast segment buffering; 2) establishing an accurate multicast QoE
model; 3) designing an efficient algorithm to solve the complex multi-variable decision-
making problem. Specifically, users’ swipe behaviors are stochastic and spatiotemporally
varied, which are difficult to accurately predict in real time. Therefore, how to conduct
effective data abstraction to obtain the distilled swipe feature and utilize it to facilitate
accurate multicast segment buffering is challenging. Furthermore, since the lagging sub-
multicast group can still receive segments from other leading sub-multicast groups in its
scheduling slot, this interactivity results in complex QoE estimation. Therefore, how to
characterize the impact of multicast segment buffering among sub-multicast groups on
the QoE model is challenging. Finally, since the resource allocation problem is usually a
mixed-integer non-convex problem, directly using model-based or data-driven algorithms
can lead to a loss in the system performance. Therefore, how to ingeniously combine the
advantages of model-based and data-driven algorithms to efficiently solve the formulated
problem is challenging.

1.4.3 Massive Network Data and Data Drift in Digital Agent
Management

Highly dynamic user behaviors, characterized by stochasticity and notable spatiotemporal
variations, have caused substantial difficulties in efficiently processing and accurately mod-
eling user behaviors. Therefore, it is essential to select appropriate DA data processing
models and timely update them for accurate and efficient user behavior data processing.
Furthermore, conventional general QoE models, which inadequately characterize buffer dy-
namics and rebuffer time, can lead to frequent playback interruptions and degrade the user



experience. Therefore, constructing a fine-grained QoE model that accurately captures the
interplay between resource constraints, buffer management, and multicast transmission
delays thus becomes essential. Finally, the inherent complexity of DA management, typ-
ically formulated as a mixed-integer nonlinear programming problem, often exceeds the
capability of traditional Deep Reinforcement Learning (DRL) algorithms, which struggle
in dynamic environments with varying user behaviors. Therefore, developing an adaptive
DA management approach that leverages improved DRL techniques is necessary.

Designing an efficient DA management scheme for short video streaming in multicast
networks faces the following challenges: 1) processing highly dynamic user behavior data;
2) constructing a fine-grained QoE model; 3) developing an efficient algorithm for the
mixed-integer nonlinear programming problem. Specifically, due to the stochastic nature
and spatiotemporal differences in users’ swipe behaviors, designing an efficient DA man-
agement mechanism to characterize and process the highly dynamic and multi-dimensional
user behavior data is challenging. Furthermore, using a general QoE model that lacks ac-
curate buffer control and rebuffer time estimation can cause frequent playback lags. It is
challenging to construct a fine-grained QoE model by considering the effect of resource
constraints on buffer update and DA model accuracy on multicast transmission delay es-
timation. Finally, since the DA management problem is usually complex mixed-integer
nonlinear programming, traditional DRL algorithms usually struggle with highly dynamic
environments due to spatiotemporal variation in user behaviors, leading to suboptimal
performance. Therefore, an improved DRL algorithm should be developed to solve the
complex DA management problem.

1.5 Owur Approaches and Contributions

In this thesis, we investigate the DA-based resource management schemes in multicast
networks for short video streaming to tackle the above-mentioned challenges. The objective
is to develop efficient resource management strategies to improve user QoE within the
limited communication and computing resources. In specific, we focus on the following
three research topics.

1.5.1 Digital Agent-Based Behavior Analysis for Resource Reser-
vation

We investigate a DA-based user behavior analysis scheme for resource reservation, which
aims to enhance user QoE with minimal resource consumption. Firstly, we design a DA-



assisted resource reservation framework. Specifically, DAs are constructed for individual
users, which store users’ historical data for updating multicast groups and abstracting
useful information. The swipe probability distributions and recommended video lists are
abstracted from user DAs to predict bandwidth and computing resource demands. Param-
eterized sigmoid functions are leveraged to characterize multicast groups’ user satisfaction.
Secondly, we formulate a joint non-convex bandwidth and computing resource reserva-
tion problem which is transformed into a convex piecewise problem by utilizing a tangent
function to approximately substitute the concave part. A low-complexity scheduling al-
gorithm is then developed to find the optimal resource reservation decisions. Simulation
results based on the real-world dataset demonstrate that the proposed scheme outperforms
benchmark schemes in terms of user QoE and resource consumption.

1.5.2 Digital Agent-Based Buffer Management for Resource Al-
location

We propose a DA-based buffer management scheme for resource allocation to enhance
user QoE. Firstly, user status emulated by the DA is utilized to estimate the transmission
capabilities and watching probability distributions of sub-multicast groups for an adaptive
segment buffering. The sub-multicast groups’ buffers are aligned to the unique virtual
buffers managed by the DA for a fine-grained buffer update. Then, a multicast QoE
model consisting of rebuffering time, video quality, and quality variation is developed, by
considering the mutual influence of segment buffering among sub-multicast groups. Finally,
a joint optimization problem of segment version selection and slot division is formulated
to maximize user QoE. To efficiently solve the problem, a data-model-driven algorithm is
proposed by integrating a convex optimization method and a DRL algorithm. Simulation
results based on the real-world dataset demonstrate that the proposed DA-based resource
allocation scheme outperforms benchmark schemes in terms of user QoE improvement.

1.5.3 Adaptive Digital Agent Model Selection and Update

We investigate an adaptive DA management scheme to enhance user QoE. Particularly,
DAs consist of user status data and data-based models, which can update multicast groups
and abstract users’ swipe features. A precise measurement model of DA data processing is
constructed to characterize the relationship among DA model size, user dynamics, and user
clustering accuracy, which can facilitate flexible DA model selection. The proposed DA
management module can adaptively update based on the error and entropy of predicted
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user status and user clustering result. Then, a fine-grained QoE model is established by
considering the impact of resource constraints and DA model accuracy, leading to accurate
buffer control. Finally, a joint optimization problem of resource management is formulated
to maximize long-term QoE. To efficiently solve this problem, a diffusion-based DRL algo-
rithm is proposed, which utilizes the denoising technique to improve the action exploration
capabilities of DRL. Simulation results based on a real-world dataset demonstrate that
the proposed DA-assisted resource management scheme outperforms benchmark schemes
in terms of user QoE.

1.6 Thesis Outline

The remainder of the thesis is organized as follows: In Chapter 2, we provide a comprehen-
sive review of the state-of-the-art resource management strategies in multicast networks for
short video streaming. In Chapter 3, we propose a DA-based resource reservation scheme
by incorporating the impact of user swipe behaviors to enhance user QoE. In Chapter 4,
we develop a DA-based resource allocation scheme by emulating user buffer dynamics for
tailored segment buffering to enhance user QoE. In Chapter 5, we investigate an adaptive
DA management scheme to adapt to user behavior dynamics to enhance resource utiliza-
tion for user QoE enhancement. Finally, we conclude the thesis and discuss future research
works in Chapter 6.
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Chapter 2

Background and Literature Review

In this chapter, we review the existing work from three aspects, i.e., multicast short video
streaming, DA-based resource management, and DA management, respectively.

2.1 Multicast Short Video Streaming

Multicast streaming over wireless networks has attracted extensive research interest due
to its potential to reduce packet error rates and optimize resource allocation. Early inves-
tigations highlighted the importance of reliable data transmission in multicast scenarios,
where feedback from multiple users can lead to collisions [14]. To address these challenges,
researchers introduced various error correction techniques and adapted unicast transmis-
sion methods for multicast applications [15]. Moreover, resource allocation has emerged
as a critical research area, particularly in wireless environments characterized by limited
bandwidth and heterogeneous user demands [16].

Resource management is a cornerstone in the research of multicast short video stream-
ing. Although traditional unicast methods are inefficient for large-scale video delivery,
multicast streaming offers significant bandwidth savings while introducing new complex-
ities in resource allocation. A novel resource management framework has been proposed
to dynamically optimize resource allocation, which effectively balances trade-offs among
cost, efficiency, and user satisfaction. This framework implements optimization algorithms
that account for diverse network conditions and user requirements, substantially reducing
both bandwidth usage and startup delays [17]. Another approach focuses on loss-tolerant
multicast video streaming, which permits controlled packet loss while still maintaining
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acceptable user quality. This method reduces dependency on the weakest network links
and achieves lower peak Signal-to-Noise Ratio (SNR) degradation compared to existing
schemes [18]. Furthermore, optimal resource allocation problems have been formulated
with the objective of minimizing bandwidth usage while ensuring target multicast rates,
with solutions leveraging iterative algorithms for enhanced computational efficiency [19].

Adaptive streaming techniques have been integrated with multicast strategies to fur-
ther enhance video delivery. For instance, a multicast adaptive logic has been developed
to support multicast constraints at the client side, demonstrating superior performance
under multicast conditions while maintaining robust performance in unicast scenarios [20].
Additionally, in-network caching has been proposed to reduce transit traffic by redirect-
ing content requests to edge routers, thereby combining the advantages of content deliv-
ery networks with multicast schemes [21]. Recent research has also explored cooperative
video edge caching and multicasting approaches based on multi-agent deep reinforcement
learning, which minimize transmission counts in multi-cloud environments by integrating
caching and multicasting strategies [22, 23].

In cellular networks, multi-connectivity has been investigated as a way to enhance mul-
ticast streaming performance. By enabling users to receive content from multiple base sta-
tions, multi-connectivity improves both resource utilization and connectivity, particularly
for cell-edge users [24]. Empirical results indicate that multi-connectivity can support up
to 60% more users than single-connectivity multicast systems under identical resource con-
straints [25]. Nonetheless, the optimal resource allocation problem for multi-connectivity
multicast is NP-hard, which has motivated the development of greedy approximation al-
gorithms with guaranteed approximation factors.

In broadband wireless networks, the combination of Scalable Video Coding (SVC) and
adaptive modulation and coding has been employed to optimize multicast streaming. These
techniques enhance wireless resource allocation by assigning appropriate modulation and
coding schemes to different video layers [26]. A dynamic programming-based algorithm
has been proposed to maximize system utility while reducing computational overhead in
both single-session and multi-session scenarios [27]. Fair bandwidth allocation is essen-
tial for supporting multicast applications that require guaranteed performance, such as
online video streaming. To this end, a credit-based multicast fair scheduling algorithm
has been developed to achieve low latency and equitable bandwidth distribution by track-
ing the discrepancy between reserved and actual bandwidth and supporting simultaneous
transmission requests across multiple output ports [28].

In summary, the research on multicast short video streaming over wireless networks
has significantly advanced our ability to manage resources and maintain high-quality ser-
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vice. The integration of adaptive streaming, in-network caching, multi-connectivity, and
advanced coding techniques has not only improved network performance but also provided
promising directions for addressing emerging challenges in 6G networks.

2.2 Digital Agent-Based Resource Management

In this section, we review the existing DA-based resource management from two aspects:
large-timescale resource reservation and small-timescale resource allocation.

2.2.1 Large-Timescale Resource Reservation

DAs facilitate the construction of virtual models of physical networks, which allows for real-
time monitoring, simulation, and prediction of network states. This capability can empower
resource reservation by leveraging advanced data analytics and processing techniques to
anticipate network behaviors and reserve resources, thereby enhancing both service quality
and network reliability [29, 30, 31].

In Integrated Sensing and Communication (ISAC) networks, continuously changing en-
vironmental conditions can lead to predictive model drift, thereby affecting the accuracy
of resource reservation. To mitigate this issue, researchers have proposed methods that use
DAs to construct dual predictive spatial models. Through ongoing network emulation to as-
sess model performance, these methods enable the selection of optimal resource reservation
decisions that ensure service quality while minimizing resource consumption [29]. Within
the realm of Internet of Things (IoT), supported by Software Defined Network (SDN) and
Network Function Virtualization (NFV), DA is applied to facilitate the migration of Vir-
tualized Network Functions (VNFs). This strategy uses convolutional neural networks,
gated recurrent units, and attention mechanisms to forecast VNF resource demands [32].
By adjusting the synchronization granularity of the digital twin and integrating a multi-
agent algorithm that combines Long Short-Term Memory (LSTM) with a DDQN, VNF
migration can be executed based on predicted resource requirements, thereby preventing
node overload and maintaining service quality [30].

In multi-tier computing frameworks, DAs are utilized to collect user status data and
group users based on mobility patterns, thereby enabling personalized resource reservation.
By incorporating meta-learning methods, the system can tailor resource reservation strate-
gies for state-aware applications, such as task execution in 6G networks, while balancing
network resource utilization with reconfiguration costs in accordance with the specific needs
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of different user groups [31]. To address the challenges inherent in edge computing net-
works with high user mobility and dynamic network conditions, DA frameworks provide
real-time information on both computing and communication resources. By leveraging
CSI for Roadside Unit (RSU) selection and integrating Non-Orthogonal Multiple Access
(NOMA) technology, a model based on a Markov Decision Process (MDP) is constructed.
The Actor-to-Critic (A2C) algorithm is then employed to optimize task completion delays
and computational rates [33].

For adaptive service provisioning, the conversion of physical networks into digital mod-
els enables flexible resource aggregation and orchestration. An architecture based on net-
work DAs is capable of real-time coordination of resource reservation, utilizing optimal sub-
structures to reduce computational complexity and provide customized services to users
with heterogeneous requirements [34]. In Ultra Reliable Low Latency Communications
(URLLC) edge networks, task offloading must account for potential asynchronies between
DAs and their physical counterparts. To address this challenge, a robust task offloading
scheme has been proposed. This scheme combines decision networks with deviation net-
works to ensure low latency and low energy consumption, while simultaneously enhancing
system robustness [35]. Furthermore, in Industrial IoT environments, the integration of
DAs with NOMA is used to improve edge intelligence and spectral efficiency. By decom-
posing the resource reservation problem into sub-problems, such as computational resource
allocation, subchannel allocation, and offloading decision-making, and developing a joint
solution based on DRL alongside DA strategies, researchers have achieved reductions in
task completion delays and significant improvements in system throughput [36].

To address task dependency issues in URLLC edge networks, a dual-sampling-based
stochastic solution enhancement algorithm has been proposed to jointly optimize task
offloading and resource allocation. This algorithm iteratively refines decisions to achieve
optimal Central Processing Unit (CPU) frequency and transmission power while reducing
energy consumption and time costs [37]. Additionally, a joint optimization model for user
association, task offloading, and resource allocation based on DAs has been developed
for Industrial IoTs environments. This model, solved using iterative decomposition and
alternating optimization techniques, minimizes overall delay [38].

In 6G air-ground integrated industrial IoT networks, DAs are leveraged for real-time
state prediction and adaptive resource utilization. This approach models the resource
reservation problem as a Mixed Integer Nonlinear Programming (MINLP) problem and
utilizes the Deep Deterministic Policy Gradient (DDPG) algorithm to achieve an effective
balance between high energy savings and strict task delay constraints [39]. In the field of
multimedia short video streaming, DAs have been used to establish user-centric resource
management schemes. By constructing user DAs to predict bandwidth and computational
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requirements, and applying low-complexity scheduling algorithms to solve non-convex re-
source reservation challenges, these approaches have significantly enhanced user experience
while reducing resource consumption [40].

Other research directions include the integration of DAs with federated learning and
deep neural networks for real-time monitoring and scheduling [41]; the use of blockchain and
metaheuristic algorithms for resource reservation optimization in 6G IoT networks [42]; and
the application of network digital twins for end-to-end network slicing management [43].
Additionally, QoE-driven resource reservation schemes that combine DAs with reinforce-
ment learning, the trinity equilibrium algorithm, and Graph Neural Network (GNN)-based
power allocation and user association strategies in the terahertz band have provided novel
insights into the application of DAs for resource reservation [44, 45, 46, 47].

Overall, the application of DAs in communication network resource reservation encom-
passes a diverse range of areas, from adaptive model drift correction and virtual network
function migration to multi-tier computing network planning, vehicular edge computing,
URLLC, industrial IoT, air-ground integrated networks, and high-frequency communi-
cations. Although these research directions vary in focus, their common objective is to
enhance the real-time, accurate, and flexible nature of resource reservation by constructing
virtual replicas of physical networks, which can effectively address the evolving demands
of network environments and service requirements.

2.2.2 Small-Timescale Resource Allocation

DA has emerged as a pivotal tool in optimizing small-timescale resource allocation, partic-
ularly within dynamic and complex network environments. By creating virtual replicas of
physical systems, DAs enable real-time monitoring, prediction, and decision-making that
are crucial for efficient resource management. The integration of DAs with advanced com-
putational techniques, such as DRL and edge computing, further enhances the ability to
allocate resources effectively to improve overall system performance. This approach is par-
ticularly beneficial in contexts characterized by high mobility and unpredictable network
dynamics, such as vehicular edge computing and heterogeneous cellular networks [48].

Recent studies have demonstrated the potential of two-timescale frameworks enabled
by DAs, where decision-making leverages both statistical state information over longer pe-
riods and real-time data in shorter intervals. For instance, Liu et al. illustrate how DRL
techniques can optimize computational resource allocation and user association, thereby
reducing long-term system delays [49]. In the realm of vehicular edge computing, Jeremiah
et al. have proved that DAs provide essential and real-time insights into computing and
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communication resources, which are critical for optimizing offoading decisions and sub-
channel allocation [33].

Beyond the two-timescale approach, DAs significantly advance edge computing resource
allocation by creating virtual representations of network nodes. This capability allows for
accurate, real-time estimation and prediction of network conditions, which is particularly
useful in scenarios where collaboration between roadside units and small cells is required
to enhance network performance. Moreover, the integration of DAs with mobile edge
computing in heterogeneous cellular networks enables dynamic user-device association and
more efficient resource allocation, which can effectively reduce both transmission delays
and energy consumption [50].

Advanced optimization algorithms have also been incorporated into DA-assisted re-
source allocation models to improve convergence speed and overall performance. Algo-
rithms such as the whale optimization algorithm and DRL have been applied to reduce
power consumption and mitigate resource allocation imbalances [51]. In the context of
vehicular networks, DAs facilitate intelligent and delay-sensitive task offloading schemes
that employ multi-network DRL algorithms. This approach not only maximizes network
utility but also reduces energy consumption and overall service delay [52].

In addition to dynamic network management, DAs contribute substantially to energy-
efficient resource allocation. For example, DAs can optimize wireless energy transfer
through techniques like fractional planning and block coordinate descent algorithms, thereby
enhancing energy efficiency and reducing interference in large-scale Multiple-Input and
Multiple-Output (MIMO) systems [53]. Similarly, DAs enable the precise matching of dy-
namic resources between vehicles and edge servers through predictive analysis, which can
effectively increase the utilization rate of idle resources [54].

Despite these promising advances, several challenges remain in the practical implemen-
tation of DA-based resource allocation. Issues related to computational complexity and the
development of robust optimization models continue to present significant hurdles. More-
over, the successful integration of DAs into existing network infrastructures necessitates
careful consideration of factors such as data privacy, network congestion, and resource
constraints. The effectiveness of DA-based strategies is inherently dependent on the accu-
racy and reliability of the virtual models, which must be continuously updated to reflect
real-time physical network status accurately.
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2.3 Digital Agent Management

In this section, we review the existing DA management from two aspects: DA model
selection and DA model update.

2.3.1 Digital Agent Model Selection

DAs have emerged as a transformative technology in communication networks, enabling
real-time monitoring, emulation, and optimization of network operations. The selection of
appropriate DA models is critical to ensure accuracy, efficiency, and scalability in various
network environments [55].

Model accuracy is a fundamental criterion for DA model selection. The accuracy of a
DA model is determined by its ability to reflect the real-time state of the physical system it
represents. High-fidelity models are essential for tasks such as network optimization, traffic
prediction, and resource allocation. For instance, in wireless edge networks, the accuracy
of DA depends on the amount of input data, update frequency, and computational capacity
at the edge server [56]. Similarly, in 6G networks, generative Artificial Intelligence (AI)-
driven DAs are used to generate high-fidelity data, enabling accurate modeling of network
elements such as mobile users, base stations, and wireless environments [57]. Energy
efficiency is a growing concern in communication networks, and DAs can play a crucial
role in optimizing energy consumption. For example, the use of digital twins in mobile
networks enables energy-efficient resource allocation and reduces the carbon footprint of
network operations [58].

Resource constraints, such as computational power, memory, and communication band-
width, play a significant role in DA model selection. In edge computing environments, the
selection of DA models must consider the limited resources available at the edge server.
For example, the problem of model selection in wireless edge networks is formulated as an
NP-complete integer program, where the goal is to maximize the minimum feature accu-
racy while respecting resource constraints [56]. Similarly, in large-scale networks, resource
utilization metrics such as CPU usage, memory consumption, and network latency must
be carefully evaluated to ensure efficient operation [59].

The integration of DAs with advanced technologies such as generative Al is another
critical criterion. For instance, the integration of generative AI with DAs enables the
generation of high-fidelity data, which can be used to enhance model accuracy and flexi-
bility [60]. Additionally, the use of Al-native DAs in 6G networks facilitates intelligent
network management by enabling network status prediction, pattern abstraction, and
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decision-making [61]. A data-driven approach is essential for digital twin model selec-
tion. DAs rely on real-time data from physical systems to maintain accuracy and fidelity.
For example, in the context of traffic efficiency and software-defined vehicular networks,
DAs leverage real-time data to optimize traffic flow and reduce waiting times at round-
abouts [62].

The ability of DAs to adapt to dynamic network conditions is essential for real-time opti-
mization. In wireless networks, automatic model selection using DAs can optimize network
performance by leveraging contextual information such as network conditions, topology,
and traffic statistics [63]. The cost and complexity of deploying DAs are also important
factors. While DAs offer significant benefits, their deployment can be resource-intensive.
For example, the use of DAs in IoT network deployments requires careful planning to min-
imize deployment costs while maximizing coverage and performance [64]. Scalability and
flexibility are critical for DAs in communication networks. DAs must be able to handle the
increasing complexity and dynamism of 6G networks, which require sophisticated manage-
ment solutions [65]. The use of DAs in industrial networking environments also requires
support for mixed-criticality workloads and application-driven services [66]. Additionally,
the ability of DAs to coexist as both a DA of the network and a network of DAs allows for
greater flexibility in network management. Compatibility with existing network architec-
tures and standards is another important criterion. DAs must integrate seamlessly with the
current network infrastructure to ensure smooth operation. For instance, the integration
of DAs with Time-Sensitive Networking (TSN) in 6G smart cities enables deterministic
networking and low-latency communication [67].

Overall, DA model selection depends on accuracy, resource constraints, Al integration,
and scalability. High-fidelity and Al-driven DAs can enhance performance in 6G networks,
while efficient deployment ensures adaptability and cost-effectiveness.

2.3.2 Digital Agent Model Update

The concept of DA has gained attention in communication networks due to its potential to
support predictive and autonomous network management. Early works primarily focused
on constructing static digital replicas for network planning and simulation purposes [68].
However, as networks become more dynamic, such as frequent topology changes, fluctuating
traffic patterns, and increasing heterogeneity, static models cannot guarantee accuracy.
This led to a growing body of research emphasizing the need for real-time or near-real-
time model updates to ensure that DAs accurately reflect the physical network state.

Several studies have explored data-driven methods for model synchronization. These
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typically involve the continuous ingestion of telemetry data (e.g., latency, throughput,
packet loss) and the use of machine learning or statistical estimation techniques to infer
and update the DA state [69]. For instance, time-series prediction models such as Au-
toregressive Integrated Moving Average (ARIMA) and LSTM have been used to forecast
network parameters and anticipate future states, thereby allowing the DA to preemptively
adapt [70]. In more recent approaches, GNNs and federated learning have been applied to
model the spatial and temporal dynamics of large-scale, distributed networks [71]. These
methods allow for scalable and decentralized updates but often struggle with model drift
and data inconsistency.

Model update in the context of network slicing and 5G/6G infrastructures has also
received considerable attention. Researchers have proposed feedback loops and RL-based
agents to align the DA model with network control policies and Service Level Agreements
(SLAs) [72]. In these settings, DA updates are often triggered by threshold violations
or SLA breaches, allowing the virtual model to evolve in sync with reconfigurations in
the underlying network. Nevertheless, ensuring low-latency updates and minimizing the
overhead associated with constant monitoring remain open challenges. Another line of
work has investigated semantic and knowledge-driven updates to DAs using ontology-based
representations and reasoning engines [73]. These approaches aim to make the DAs not only
data-synchronized but also context-aware, enabling intelligent decision-making. However,
such frameworks often suffer from scalability limitations and are difficult to integrate with
real-time telemetry systems.

Despite the progress, several gaps persist. Most existing solutions assume ideal condi-
tions for data availability and transmission between the physical and digital layers, which
is often unrealistic in practice. Issues such as data sparsity, out-of-sync measurements, and
device failures can cause significant divergence between the DA and its physical counter-
part. Moreover, few studies address the computational cost of continuous updates, which
can be prohibitive in large-scale networks with limited edge resources. Lastly, while some
work has begun exploring transfer learning and meta-learning for model adaptation, robust
and generalizable update mechanisms remain an open research area.

2.4 Summary

In this chapter, we have surveyed the existing literature for the DA-empowered multicast
networks for short video streaming. With the literature review, we aim to identify research
gaps and opportunities for methodological innovation.
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Chapter 3

Digital Agent-Based Resource
Reservation for QoE-Driven
Multicast Short Video Streaming

In this chapter, we propose a user-centric resource management scheme based on the DA
technique, which aims to enhance user satisfaction as well as reduce resource consumption.
Firstly, we design a user DA-assisted resource reservation framework. Specifically, user
DAs are constructed for individual users, which store users’ historical data for updating
multicast groups and abstracting useful information. The swipe probability distributions
and recommended video lists are abstracted from user DAs to predict bandwidth and com-
puting resource demands. Parameterized sigmoid functions are leveraged to characterize
multicast groups’ user satisfaction. Secondly, we formulate a joint non-convex bandwidth
and computing resource reservation problem which is transformed into a convex piecewise
problem by utilizing a tangent function to approximately substitute the concave part. A
low-complexity scheduling algorithm is then developed to find the optimal resource reser-
vation decisions. Simulation results based on the real-world dataset demonstrate that the
proposed scheme outperforms benchmark schemes in terms of user satisfaction and resource
consumption.

3.1 Background and Motivations

The proliferation of short video platforms, such as TikTok, Instagram Reels, and YouTube
Shorts, enabled by the ubiquity of smartphones and high-speed wireless networks, has

21



ushered in a new era of digital entertainment [74, 75]. According to a recent report from
TikTok, the number of daily active global users has reached 766 million in 2024 and will
continue to maintain significant growth '. However, this short video streaming surge
puts a significant burden on the existing wireless network infrastructures. Particularly, the
ultra-definition and panoramic short videos pose new requirements on the transmission and
computing capabilities of wireless networks, especially on higher bandwidth (300 Mbps) and
transcoding speed (30.2 FPS), for providing immersive user experience [76, 77]. Multicast
transmission, as an important technology in wireless networks, allows a single data stream
to be disseminated to numerous users in a group simultaneously. By applying multicast
transmission to short video streaming, the bandwidth utilization and network throughput
can be effectively enhanced[78, 79].

To support multicast short video streaming, network resources, including bandwidth
and computing resources, are required. Specifically, spectrum bandwidths are required for
video delivery to each multicast group [80], and computing resources are required for video
transcoding for each multicast group [81]. For consistent Quality of Service (QoS) provi-
sioning, such network resources need to be reserved in advance [82]. Nevertheless, existing
resource reservation schemes are mainly based on aggregated video requests while neglect-
ing the unique users’ behaviors in watching short videos, i.e., swipe behaviors. Without
considering the swiping behaviors that can make videos not completely played by users,
the resource demands can be overestimated and the reserved resources can be underuti-
lized. As the swipe behaviors are user-specific [83], resource reservation can incorporate the
user-specific swipe behaviors, i.e., user-centric resource reservation, is desired for efficient
resource utilization in the multicast short video streaming.

DA is a potential technology to realize the user-centric resource reservation. DA is
an intelligent network proxy that can emulate network status, abstract network features,
and make tailored resource management [4]. To update current end users’ statuses, such
as network conditions, data traffic, and mobility trajectories, user DAs are constructed
for individual users. The data stored in user DAs can be leveraged to analyze users’
transmission rates and behavior patterns for resource reservation. In the multicast short
video streaming scenario, user DAs can store users’ historical networking and personal
information, and analyze their video traffic patterns and watching behaviors. Based on
the distilled coarse- and fine-grained user information from user DAs, users’ bandwidth
and computing resource demands can be accurately predicted to facilitate the effective
user-centric resource reservation. In this work, the precise role of constructed user DAs is
to accurately cluster users into different multicast groups, and abstract swipe probability
distributions and recommended video lists for resource reservation.

"https://www.businessofapps.com/data/tik-tok-statistics/
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The motivation of the DA-based resource reservation for multicast short video stream-
ing includes three aspects. Firstly, since user status differs from each other, inaccurate
user clustering can lead to low transmission rate and resource wastage due to various
channel conditions and frequent swipe behaviors on uninterested video content, respec-
tively. Therefore, it is essential to develop an accurate and efficient user clustering scheme.
Secondly, due to users’ differentiated user satisfaction of service quality, multicast groups
may have different levels of satisfaction with the reserved bandwidth and computing re-
sources. Therefore, it is critical to establish the user satisfaction model to characterize the
impact of resource reservation on each multicast group’s satisfaction. Thirdly, since the
joint bandwidth and computing resource reservation is usually a complex and non-convex
problem, how to design a low-complexity algorithm to solve it with near-optimal results is
an important issue.

Designing an effective DA-based resource reservation scheme needs to address the
following challenges: 1) incorporating swipe behaviors in resource reservation decision-
making; 2) establishing the mathematical model between multicast groups’ user satisfaction
and reserved resources. Specifically, users’ swipe behaviors are stochastic and spatiotem-
porally varied, which are difficult to be predicted in real time. Therefore, how to conduct
effective data abstraction to obtain the distilled swipe feature and utilize it to predict band-
width and computing resource demands is challenging. Furthermore, due to the dynamics
of users’ personalized preferences and sensitivities to service quality, the same amount of
reserved resources to one multicast group can lead to different user satisfaction at differ-
ent time. Therefore, how to establish and update each multicast group’s user satisfaction
model in each resource reservation window is challenging.

In this chapter, we propose a DA-assisted resource reservation scheme, which can effec-
tively enhance user satisfaction and reduce resource consumption. The main contributions
are summarized as follows:

e Firstly, we propose a novel DA-assisted resource reservation framework to incor-
porate the impact of swipe behaviors. Specifically, we construct user DAs to store
users’ historical data, including channel conditions, locations, swipe timestamps, and
preferences. A novel user clustering algorithm is proposed to analyze user DA data
for multicast group construction. The proposed user clustering algorithm consists
of three parts, i.e., autoencoders, a DDQN, and the K-means++ method, which
are responsible for user DA data compression, clustering number determination, and
fast user clustering, respectively. Then, the group-level information, i.e., the swipe
probability distribution and recommended video list, for each multicast group is ab-
stracted. Based on that, multicast groups’ average engagement time, video traffic,
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and computing consumption can be analyzed to predict bandwidth and computing
resource demands for resource reservation.

e Secondly, we establish a user satisfaction model to quantify the impact of bandwidth
and computing resource reservation on user satisfaction. Specifically, we adopt a real-
world user satisfaction dataset to explore the relationship between resource demand,
reserved resources, and user satisfaction. Based on the observation of experiments,
we find that user satisfaction is positively and negatively exponential with buffer
length and rebuffering time. By using the buffer length and rebuffing time as a
linkage, we establish an exponential mathematical model for bandwidth reservation
satisfaction. Similarly, video quality is selected as the intermediate variable to build
an exponential mathematical model for computing resource reservation satisfaction.

e Thirdly, our objective is to maximize the system utility consisting of user satisfaction
and resource consumption in each resource reservation window. Since the formulated
problem is non-convex and difficult to solve, we first transform it into two independent
subproblems regarding bandwidth and computing resource reservation, respectively.
Then, we perform continuous processing on these two subproblems and utilize the
tangent function to approximately substitute the convex parts, which transforms the
original subproblems into convex problems. Finally, we design a linear approximation
method to make the near-optimal resource reservation decisions for the transformed
convex problems. The extensive simulation results on real-world short video stream-
ing datasets show that the proposed scheme can effectively improve system utility as
compared with the state-of-the-art resource reservation schemes.

The remainder of this paper is organized as follows. The system model and problem
formulation are presented in Sections 3.2 and 3.3, respectively. A fast resource reservation
scheme is developed to solve the problem in Section 3.4, validated by simulation results in
Section 3.5. Finally, we summarize this work in Section 3.6.

3.2 System Model

In this section, we propose a DA-based resource reservation framework. Within the frame-
work, we introduce how to construct DAs, how to use DAs for multicast group management,
and build a user satisfaction model, respectively.
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Figure 3.1: DA-based resource reservation framework for multicast short video streaming.

3.2.1 Digital Agent-Based Resource Reservation Framework

As shown in Fig. 3.1, we consider a DA-assisted multicast short video streaming scenario,
which consists of multiple Base Stations (BSs), an Edge Server (ES), users, and user DAs.

e BSs: BSs utilize multicast technology to transmit short videos to different multicast
groups. The set of multicast groups is denoted by G = {1,--- ,G}. The set of
bandwidths for all BSs is denoted by M = {1,--- , M }.

e ES: The ES connects to all BSs and stores popular short videos with the highest
version (bitrate) to avoid frequent video retrievals from content providers. The stored
short videos can be transcoded to a lower version in the transcoder to adapt to users’
dynamic channel conditions and swipe behaviors. The set of Virtual Machine (VM)
instances for the transcoders is denoted by N' = {1,---, N}, and the computing
capability of each VM instance is denoted by w.

e Users: Users with similar statuses, such as preferences, swipe behaviors, locations,
and channel conditions, are clustered into one multicast group, and the correspond-

ing user set is denoted by K,={1,---, K,}. Users in the same multicast group are
recommended the same short video list and receive them by the multicast transmis-
sion.

e User DAs: There are multiple user DAs deployed at the ES. Each user DA corre-
sponds to a user and stores users’ statuses. BSs are responsible for collecting real-time
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Figure 3.2: User DA data collection procedure.

users’ statuses to update user DAs. User DA data are utilized to abstract some use-
ful information, such as data similarity and swipe probability distribution, which
can help the network controller realize an accurate multicast group construction and
resource demand prediction.

The DA-assisted resource reservation framework for multicast short video streaming
operates as follows. In each resource reservation window, user statuses are uploaded to the
ES to update corresponding user DAs and adjust multicast groups. In each multicast group,
user DAs’ swipe timestamps and preferences are used to abstract the swipe probability
distribution and recommended video list for accurate bandwidth and computing resource
demand prediction. Based on the predicted information, the network controller reserves
appropriate bandwidths and VM instances for each multicast group.

3.2.2 Digital Agent Construction

User DA consists of a finite data pool and a data analysis function as shown in Fig. 3.2. The
data pool records a user’s recent status through diversified data collection frequencies. The
data analysis function investigates a user’s swipe timestamps to obtain a swipe probability
distribution for each video type. The construction of a user DA can be summarized into
two phases.

e BS collects a user’s data from two aspects, i.e., networking-related data and behavior-
related data. The networking-related data include a user’s real-time channel con-
ditions and locations, which are utilized to estimate the transmission rate. The
behavior-related data consist of a user’s swipe timestamps and preferences. The
swipe timestamps reflect a user’s swipe behavior [84], which are used to abstract
swipe probability distribution for engagement time prediction. The preferences are
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leveraged for the recommended video list update. By integrating these two kinds of
data, user DAs can well reflect users’ real-time statuses and predict bandwidth and
computing resource demands. Data collection number can be different for various
user DA data attributes in each resource reservation window. Given that a low-speed
mobility scenario where users’ channel conditions usually vary on a small timescale
[85], the data collection number of a user’s channel condition and location in one
resource reservation window, 7', is denoted by F}. Since the swipe probability needs
to be calculated over several short videos, the corresponding data collection number
of a user’s swipe timestamps in one resource reservation window is denoted by Fj.
A user’s preference is an essential metric to determine which videos should be rec-
ommended. Since the user’s preference is relatively dynamic data that is updated
based on the user’s like, share, and swipe frequency [86], the data collection number
remains consistent with that of the swipe timestamps to ensure the data freshness.

A user DA’s functionality consists of two parts, i.e., a user’s swipe behavior analy-
sis module and a data interaction module. The former analyzes the collected swipe
timestamps to abstract swipe probability distributions. The latter provides stored
data and the abstracted swipe probability distributions to the network controller to
update multicast groups and predict resource demands. In current resource reser-
vation window t, user k’s swipe probability distribution, p'}c’c (e), for video type c is

updated by -
A (e
P (0 =27 (0 + (-0 P
k,c

where e is the video timestamp ranging from 1 to 15. Parameter X is a weighting factor
ranging from 0 to 1. A smaller \ indicates that a user’s current swipe probability
distribution is more related to recent swipe behaviors. In Eq. (3.1), A',fcjcl (e) represents
user k’s swipe numbers for video type c¢ in previous window ¢ — 1, which is counted
by swipe timestamps, and A}chl denotes the number of transmitted videos of type ¢
to user k in previous window t — 1.

: (3.1)

3.2.3 Digital Agent-Based Multicast Group Management

Based on stored data in user DAs, we can analyze users’ similarities to divide users with
similar statuses into the same multicast group. A three-step method is proposed to realize
fast and accurate multicast group construction. Specifically, autoencoders are first em-
ployed to compress time-series DA data for dimension reduction. Then, a DRL network is
adopted to determine the clustering number by mining users’ intrinsic correlation. Finally,
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Figure 3.3: The improved DDQN architecture for clustering number determination.

the K-means++ algorithm [87] is utilized to realize a fast multicast group construction
based on the determined clustering number. After multicast groups are constructed, we
can abstract the swipe probability distribution and recommended video list for each mul-
ticast group.

Clustering Number Determination

User DA data consist of four dimensions and each dimension corresponds to time-series
data, directly using a DRL method to analyze user DA data may suffer from the curse
of input dimension. Therefore, we add four Autoencoders to the existing DDQN [88] to
compress user DA data, which can effectively reduce the input dimension [89]. The com-
pressed data are further input to the actor-critic network for determining an appropriate
clustering number, as shown in Fig. 3.3.

As shown in Fig. 3.3, the processed user DA data consist of users’ historical channel con-

ditions, {hi’t’l}keic fer] locations, {Yk{tfl} kK, fEFs

and preferences, {P,f t—l} , in window ¢ —1. Since each user DA data attribute has a
’ ke, feFs

temporal correlation, we utilize Autoencoders to process these data to reduce input dimen-

, Swipe timestamps, {w,{ tfl}
kek,feF1 ’
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sion and abstract temporal features. The processed user DA data are further input into
the DDQN, consisting of one target and one main Q-network, for model training to obtain
the appropriate clustering number A;. Specifically, the main Q-network with network pa-
rameter 6 takes the current processed user DA data as input and outputs a set of Q-values.
The target Q-network with network parameter €’ is a copy of the main Q-network that is
periodically updated to match the parameters of the main Q-network. The target value,
ys, of DDQN is given by

Ve = Tes1 + 7Q (Se11, argmax Q (s441,a;0);0") (3.2)

where main Q-network @ (s, a;#) is utilized for the clustering number determination and
target Q-network @ (s,a;6’) is used for the value evaluation. Here, s and a represent
processed user DA data and the clustering number, respectively. Since the objective of
clustering is to reserve appropriate resources for different multicast groups to enhance
system utility, we select the system utility that will be introduced in Section 3.3 as reward 7.
During the training process, the main Q-network is updated to minimize the difference
between the predicted and true Q-values. The target Q-network is periodically updated to
match the parameters of main Q-network to help stabilize the training process.

User Clustering

When the clustering number of multicast groups is determined, we can classify users into
different multicast groups based on user DA data similarities. We adopt the K-means++
algorithm to complete the user clustering process. Specifically, the Euclidean distance,
D (i,7), between User DAs ¢ and j is first calculated as follows:

D(i.g) = [ =R, + %], + 7~ 5,0+ |2 B

|
2

l,+|

X (3.3)
where Ei, 371-, w;, 15; represent the compressed user DA data attributes output from autoen-
coders. Then, the Euclidean distance between the sampling user DA and the current
clustering center is used to calculate the selection probability. Since the longer distance
causes a higher selection probability as the new clustering center, the selection probability,
©(7), of user DA i is depicted as
, D(i,7)?
o) = (3.4
Zj D(]a 7-)
where 7 denotes the current clustering center. After several iterations, users with similar

statuses are clustered into one multicast group. The set of constructed multicast group is
denoted by Q; = {1,--- , A7}
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Abstracted Information

After constructing multicast groups, we need to abstract some useful information from each
of them to predict resource demands in each resource reservation window. Recommended
video lists and corresponding swipe probability distributions can well achieve this require-
ment. To obtain a good recommended video list, a good video recommendation mechanism
not only needs to consider video popularity distributions but also users’ preferences [86].
The former can be directly obtained by analyzing view counts and engagement time from
content providers. In window ¢ — 1, the popular video set is denoted by V = {1,--- ,V'}
and the corresponding popularity distribution is {E,},.,,. The latter is time-series data
and exists a relatively strong temporal correlation in each multicast group. The collected

preference, P,ft_l, in user DA k is a 1 x C matrix, i.e., {P,f’tl_l, e ,P,f’tc_l}, reflecting user

k’s preferences of C' video types. To accurately estimate multicast group g’s preference

matrix, {Pfg} , in current window ¢, we first calculate the users’ average preference on
) ceC

each kind of video in previous window ¢ — 1, and then integrate it with the discounted
preference, AP/ , . in previous window ¢ — 1, as follows:

Lg
T Ky R
De 3 pe 1-A c
Py = AP, + o Y > Pl veec, (3.5)
k=1 f=1

where X is a parameter ranging from 0 to 1. The recommended ranking, ¥ , ,, of video v for
multicast group g in window ¢ combines the video popularity distribution and preference
matrix, which is depicted as R; 5, = E, Y 0 Ic(v) Pf,. Here, I.(v) is an indicator function,
representing if video v belongs to type ¢, I.(v) = 1; otherwise, I.(v) = 0.

In each resource reservation window, the recommended video list 7,, for multicast
group ¢ is constituted based on the recommended rankings in popular video set V, and the
corresponding list length is denoted by p;. In addition, each video in the recommend list has
a unique swipe probability distribution, py , (e), which can be abstracted by accumulating
users’ swipe probability distributions in a multicast group, as follows:

phi(e) =Y > L(v)pi.(e (3.6)

keky ceC

DA-Assisted Resource Demand Prediction

Based on the abstracted grouping information, i.e., swipe probability distributions and
recommended video lists, each multicast group’s bandwidth and computing resource de-
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mands can be predicted to help the network controller to facilitate an efficient resource
reservation scheme.

The average engagement time, W;, of multicast group g at window ¢ is estimated based
on the abstracted swipe probability distribution, which is expressed as

p(v)
W, = ZveTg /0 (1 —=py4(e)) ede. (3.7)

We need to predict the video traffic of each multicast group. Since one video can be
transmitted to all users by multicast transmission in a multicast group, the video traffic
of each user should not be accumulated. In addition, since the multicast video version
adaptively changes with users’ dynamic channel conditions and buffer lengths, we select the
average multicast video version, [, in previous window t — 1, to approximate the multicast
video version in current window ¢. Based on the above analysis, the video traffic, Ygt, of
multicast group ¢ at window ¢ is predicted by

p(v) 7
Y = ZUGTQ /0 (1—p(e) lel 2L (e)de, (3.8)

[ (e) is the file size of segment layer [ of video v at video timestamp e.

where z;

Based on the estimated average engagement time and video traffic, the bandwidth
resource demand, I}, is given by

R, =W,/Y,. (3.9)

Since the caching capacity of an edge server is limited, we only cache the basement
layer of each recommended segment in the edge server to guarantee users’ basic watch-
ing requirements. Enhancement layers can be obtained by transcoding and then jointly
transmitted with the basic layer to users to enhance the video quality. In this process, the
computing consumption is predicted by

©(v)
Zy = pu (Y; - ZUETg /0 (1—=pp4(e)) 20 (e) de) : (3.10)

where 1 is the computing density for video transcoding, and 20 (e) is the file size of the
basement layer of video v at video timestamp e.

Based on the estimated average engagement time and computing consumption, the
computing resource demand, Otg, is given by

O = 7tV (3.11)
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Figure 3.4: User satisfaction over different buffer lengths and rebuffering time.

3.2.4 User Satisfaction-Based QoE Model

Since the system bandwidth and computing resources are limited, multicast groups’ re-
source demands may not be always satisfied. In addition, users usually have different
sensitive degrees of rebuffering time and video quality [90], which indicates that the same
reserved resources for various multicast groups can lead to different user satisfactions.
Therefore, we analyze the relationship between reserved bandwidth and computing re-
sources and user satisfaction for each multicast group, which can help the network con-
troller to make a better resource reservation scheme to improve user satisfaction/QoE.

First, we analyze how reserved bandwidths affect user satisfaction based on observed
users’ buffers. Specifically, if the downlink transmission rate estimated by reserved band-
widths is larger than the bandwidth resource demand, users’ buffer lengths can increase;
otherwise, users’ buffers will gradually become empty and rebuffering time will increase.
Therefore, the gap between the downlink transmission capability and the bandwidth re-
source demand is positively correlated with users’ buffers. To measure how users’ buffers
can affect user satisfaction, we select a part of users’ watching and rating records from
video dataset?, and use the fitting function® to form a fitted curve from scattered points,
as shown in Fig. 3.4.

It can be observed that user satisfaction is positively and negatively exponential with

2Video quality assessment: https://live.ece.utexas.edu/research/LIVEStallStudy/liveMobile.html
3Mathworks: https://www.mathworks.com/help/optim/ug/lsqcurvefit.html
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buffer length and rebuffering time, respectively. To unify these two factors, we first take
the negative of rebuffering time, with lower values indicating longer rebuffering time, and
then use an approximately exponential function to express the relationship between user
satisfaction, buffer length, and rebuffering time. By using the buffer length and rebuffing
time as a linkage, we can construct a parameterized sigmoid function to characterize the
exponential relationship between bandwidth resource reservation and user satisfaction, as
follows:
Ul = L
B9 14 exp {—¢& (mtBlog (1+ %) — Rt)}’

where Ufé’g denotes multicast group ¢’s bandwidth reservation satisfaction in window ¢.
Here, Eg and 5; are the average signal-to-interference plus noise ratio and the sensitivity of
bandwidth reservation for multicast group ¢ in window ¢, respectively. Here, mg and B are
the reserved bandwidth number and size for multicast group ¢ in window ¢, respectively.
When the downlink transmission rate of reserved bandwidths exceeds the bandwidth re-
source demand, user satisfaction will quickly increase and gradually tend to the highest
value, and vice versa.

(3.12)

Second, we analyze how reserved VM instances affect user satisfaction. Specifically,
if the transcoding capability estimated by reserved VM instances exceeds the computing
resource demand, the video transcoding process can be quickly completed to guarantee
that users can watch videos with satisfied video quality; otherwise, users will watch videos
with low video quality and experience frequent quality variation. Since the video quality
also has a similar exponential relationship with user satisfaction [91], we also adopt a
parameterized sigmoid function to characterize the exponential relationship between VM
instance reservation and user satisfaction as follows:

1
t
Vo T T e (0 (g — O}

(3.13)

where U{t/,g denotes multicast group ¢’s computing reservation satisfaction in window ¢.
Here, 192 and ng represent the sensitivity of VM instance reservation and the number of
reserved VM instances for multicast group ¢ in window ¢, respectively. Here, w is the
computing capacity of one VM instance.

Compared with the standard QoE model [92], our user satisfaction-based QoE model
has two main differences. Firstly, our user satisfaction-based QoE model is established for
characterizing users’ long-term experience in each resource reservation process instead of
real-time experience. The traditional QoE model is especially effective when we conduct
real-time resource allocation. However, it cannot be directly applied to the long-term
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resource reservation process because real-time performance metrics hardly reflect long-
term performance. In our constructed user satisfaction-based QoE model, we establish
the mathematical relationship between resource reservation, resource demand, and user
satisfaction, which can efficiently guide the resource reservation process. Secondly, our user
satisfaction-based QoE model includes the bandwidth reservation satisfaction model and
the VM instance reservation satisfaction model. The front mainly considers the impact
of buffer length and rebuffering time on long-term user satisfaction. The latter mainly
considers the impact of video quality on long-term user satisfaction.

3.3 Problem Formulation

In this section, we construct a system utility function to evaluate the performance of the
DA-assisted resource reservation scheme, including operation cost, reconfiguration cost,
and user QoE.

The operation cost, U}, refers to the cost of reserved bandwidths and VM instances for
all multicast groups [93] in window ¢, which can be expressed as

Aj Af
Uf = w ng—l—wQan, (3.14)
g=1 g=1

where w; and w, represent the unit cost of using a bandwidth and a VM instance, respec-
tively.

In each resource reservation window, if the previous resource reservation configuration
for a multicast group cannot satisfy the current dramatically increasing resource demands,
the network controller needs to configure bandwidths and VM instances for the multicast
group, which incurs reconfiguration cost. The resource release cost is omitted since this
process can be quickly completed with negligible cost. Based on the above analysis, the
reconfiguration cost, Uf, can be expressed as

A7
Ut =D @smg —my ']+ @ —ni ] (3.15)
g=1

where w3 and wy denote the unit cost of bandwidth and VM instance reconfigurations,
respectively. Since the clustering number in the previous resource reservation window may
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be less than that in the current window, a part of elements in vectors M*~! and N*~1! is
denoted by 0 to guarantee dimension match, which can be expressed as

mit = 0,0l =0,Yg € [A}_; +1,A7]. (3.16)

The objective of system utility is to achieve low resource operation and reconfiguration
costs and high user QoE. With Eq. (3.12)-(3.15), the system utility is defined as
gt
Ut — = > (U, + 61U ,) — 6:.U5 — 65U, (3.17)

t g1

where 01, 02, and d3 represent the weighted parameters to balance each system utility
component.

Since multicast groups’ bandwidth and computing resource demands are dynamic due
to users’ diversified swipe behaviors and channel conditions, it is paramount to reserve the
appropriate bandwidth and computing resources for each multicast group to guarantee a
satisfied service quality. In each resource reservation window, our objective is to maxi-
mize the system utility within the limited bandwidth and computing resources, and the
corresponding optimization problem is formulated as

Py : max U’ (3.18a)
{mz’ng}geﬂt
AP,
s.t. Zgzl ml < MVt eT, (3.18h)
Af
d 'l <NVteT, (3.18¢)
g=1
m, € Zt\Nge U, teT, (3.18d)
n; €2t NgeQ,teT, (3.18e)
and (3.16).

Constraints (3.18b) and (3.18c) are resource capacity constraints, which guarantee that
the total reserved bandwidths and VM instances cannot exceed the system capacity.

3.4 Proposed Solution

In this section, we first transform the optimization problem into two convex subproblems.
Then, we develop a fast resource reservation algorithm and analyze its computational
complexity.
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3.4.1 Problem Transformation

Problem Py is a nonlinear integer programming problem. To solve this problem, we first
transform it into two subproblems. Specifically, since optimization variable mg is inde-
pendent of optimization variable nz, the problem can be decoupled into two independent
minimization subproblems regarding bandwidth and VM instance reservation. The decou-
pled subproblems P, and Py are given by

1
P;: min (53w3 m —mt 1} + dommym!t —
{mt }geﬂt QGXQ: 9 1+exp{& (mBlog(1+1)—R)}
(3.19a)
s.t. Z mh < MVt €T, (3.19b)
geQ
m, € Z" Vge Q,teT, (3.19¢)
mit=0Vge [N +1LA] teT, (3.19d)
0
P, : min 53w4 n — n 1}+ + Jymoont — (3.20a)
{nt} 0, Z;‘ ? 1t exp {9 (njw - Of) }
st.) nh < NVEeT, (3.20b)
geQ
ngeZt\Vge U teT, (3.20c)
ngt=0Vge [N +1L,A;],teT. (3.20d)

Then, we perform continuous processing on variables mg and ng. If the discrete
feasible set is the set of integer points in a convex polytope and the objective is con-
vex, the discrete problem can be solved as a convex program [94]. The objective func-
tion of subproblem P; consists of two parts, i.e., one related to the exponential term
and one related to the approximately linear term. The former is expressed by \Ilg =
—1/(1+exp {— —&; (m tBlog( + @t) Rt)}), and its convexity is related to the range of
independent varlable m;,. Specifically, the second derivative of W} is shown in Eq. (3.21).

0¥y exp { ¢ (myBlog (1+£,) — RY)} (¢ Blog (1 + )?
?mt, (1+exp {—€t (mtBlog (1+ ) — Rt)})’
X (1 — exp {—f; (mgBlog (1 + ﬁg) — RZ)}) .

(3.21)
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When m, > R!/Blog (1+ £.), we can have §*¥! /0*m! > 0 and function ¥ is convex;

otherwise, function \Ifg is concave. The latter is expressed by FZ = 0303 [mg — mg_lr +

domymy, and it is convex due to the convexity of []" function [95].

Since function \Ifg is not always convex in the whole range of independent variable
mg, we make an approximation to the concave part of \IJZ to transform it into a convex
function. Specifically, when m! < R!/Blog (1+ ('), we utilize a tangent to approximately
substitute the concave part. The slope of tangent is the first derivative of \Ilg when mtg

equals to RZ /B log (1 + Ef]) , which can be expressed by

1
Kl = —ZﬁéBlog (1+14). (3.22)

g
The intersection of the tangent and the horizontal axis is given by
t Dt
t_ Sty —2 '
9 ¢ Blog (1+ 1)

(3.23)

To guarantee function \Ilg is always negative, independent variable mg needs to satisfy

t

4> can be expressed as a

m;, > bl,. Based on this transformation, approximate function, W
convex piecewise function, i.e.,

- {\pj;, m}, > R!/Blog (1+ (), (3.24)

vl =
Kymy, — 0.5, b, < m!, < R /Blog (1+ ().

g
g

Since the addition of convex functions \11; and th is still convex and constraints are
linear, subproblem P; is transformed into a convex optimization subproblem P, i.e.,

1 ~
P : rtnin o Z U+ (3.25a)
{mg}geﬂt t ge
s.t. my > by, (3.25b)

(3.19b), (3.19¢), and (3.19d).

Similarly, we can transform the exponential term, Ez., in the objective function of

subproblem P, into a convex piecewise function, which can be expressed as

=t t ¢
=t {‘_'9’ Ny = Og/w’

= . (3.26)
~t t t t t
Rgng, — 0.5, b, <n, <O, /w,

—
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95052
7975
functlon P2 is also convex due to the max function. Since the addition of convex functions
and Ft is still convex and constraints are linear, subproblem P5 is transformed into a

convex optlmlzatlon subproblem P35, which can be expressed as

where & = —19w and Bt = . The approximately linear term, I 5, in the objective

: 1 =
P, : min- Z =+ T (3.27a)
{ g}gEQt ge
st ng > B;, (3.27b)

(3.20b), (3.20¢), and (3.20d).

Based on the linear approximation on the concave part, the original optimization prob-
lem Py is transformed into a convex optimization problem.

3.4.2 Fast Resource Reservation Algorithm

Since the local optimal point is also the global optimal point for a convex optimization
problem, we design a FS algorithm to find the local optimal bandwidth and VM instance
reservation variables, i.e., {m;}geﬂt and {ng}geﬂt' Specifically, each multicast group is first

assigned (bﬂ bandwidths and ﬁg-‘ VM instances. Then, in each iteration, the unassigned

bandwidths and VM instances are sequentially assigned to the multicast group that can
obtain the highest values of objective functions in subproblems P’ and P%, respectively. If
the objective function value in the previous iteration is higher than that in the current itera-
tion, the iteration process is terminated and local optimal resource reservation variables are
the variables in the previous iteration. The specific algorithm is presented in Algorithm 1.
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Algorithm 1: Fast Scheduling (FS) Algorithm

1

N

w

'y

Qo

10
11
12
13

14
15
16
17
18
19
20
21
22

23
24
25
26

Initialize the objective functions U*(P}) and U*(Py).
Input Q;, {¢} o {R} o {00} o [, m, M, N, Az, and all weighted

parameters.
t t
Output {mg}gem and {ng}geat‘
for g € (; do
Multicast group ¢ is assigned [bﬂ bandwidths and ﬁﬂ VM instances;
Variables m! and n} take the values of ’—btg] and Fb\ﬂ, respectively;
end
Calculate the number of unassigned bandwidths and VM instances, i.e.,

M= M =50, [W] and N = N = $oc, [0

for m =1: M do

(]

for g € Q; do
‘ Assign one bandwidth to multicast group ¢, and calculate U t(P’L g);

end

Update variable m{, by m{ = m/ 4 1 with the minimum value of the objective
function, i.e., g* = arg mgin U (P ,);

if Ut(P})™ > UY(P})™~Y) then

. . t .
‘ Stop the iteration and return {mg}geﬂt’

end
nd

forn=1:N do

for g € Q; do
‘ Assign one VM instance to multicast group ¢, and calculate U 1t(P’Q’g);
end
Update variable n) by n! = nj 4 1 with the maximum value of the objective
function, i.e., g* = arg max U (Py,);
if Ut(Py)™ > UY(P,)™Y then

. . t .
‘ Stop the iteration and return {nQ}QEQt’

end

end
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Table 3.1: Simulation parameters

Parameter Value Parameter Value Parameter Value

M 15 T 5 min w1 0.5
B 2 MHz p 50 Wy 0.5
N 10 C 8 ws 0.7
w 2 G Cycles/s I 150 Wy 1

K 60 5 5 01 1.5
\% 1000 A 0.4 02 0.3
i 2 G Cycles/Mb A 0.3 03 0.3

3.4.3 Computational Complexity Analysis

The proposed FS algorithm needs to find the local optimal points for bandwidth and VM
instance reservation. The analysis of computational complexity is as follows. First, the
computational complexity of initial resource reservation for each multicast group is O (A}).
Then, the computational complexity of assigning the rest bandwidths is O (mA}), where m
is a positive value less than M since the bandwidth assignment can be momentarily termi-
nated before all bandwidths are completely assigned. Next, the computational complexity
of assigning the rest VM instances is O (nA}), where n is a positive value less than N
since the VM instance assignment can be momentarily terminated before all VM instances
are completely assigned. Finally, the overall computational complexity of FS algorithm is

O (A + fA; + AD).

3.5 Simulation Results

In this section, we conduct extensive experiments to validate the performance of DA-based
resource reservation scheme.

3.5.1 Simulation Setup

The main simulation parameters are presented in Table 3.1. The key components of the
simulation are introduced as follows.
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Figure 3.5: The simulation scene, where BSs and users are represented by red and gray
icons, respectively.

We adopt the short video streaming dataset? to obtain users’ swipe behaviors and the
user satisfaction dataset! to fit the user satisfaction function. We sample 1000 short videos
from the YouTube 8M dataset®, which includes 8 video types, i.e., Entertainment, Games,
Food, Sports, Science, Dance, Travel, and News. Each video has a duration of 15 sec and
is encoded into four versions by the H. 265 encoder. We consider the scenario where two
BSs are deployed at the University of Waterloo (UW) campus and users’ initial positions
are randomly and uniformly generated around two BSs, as shown in Fig. 3.5. Each user
moves along a prescribed path within the UW campus at a speed of 2~5 km/h, and the
corresponding channel path loss is obtained by the propagationModel at Matlab. The
transmission power and noise power are set to 27 dBm and -174 dBm, respectively.

Since the dimensions of different user DA data attributes are different, we construct
four Autoencoder models for data compression. Take the Autoencoder model for the

4ACM MM Grand Challenges: https://github.com/AltransCompetition/Short-Video-Streaming-
Challenge/tree/main/data
5YouTube 8M dataset: https://research.google.com/youtube8m/index.html
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compression of locations as an example, the encoder is composed of two Conv2D layers,
each using a ReLLU activation function and a ’same’ padding. The first Conv2D layer has
32 filters with a kernel size of (1, 3), while the second Conv2D layer has 64 filters with
the same kernel size. After the Conv2D layers, a Flatten layer is applied to transform
the multi-dimensional tensor into a one-dimensional tensor. The flattened tensor is then
passed through a Dense layer with 60 neurons and a linear activation function, resulting in
a compressed representation of input data in the latent space. The decoder is designed to
reconstruct input data from the latent space representation. It starts with a Dense layer
having 60 x 150 x 64 neurons, followed by a Reshape layer to convert the tensor back to
the shape (60, 150, 64). Then, a Conv2DTranspose layer with 32 filters, kernel size (1,
3), ReLU activation function, and ’same’ padding is applied. Finally, the output layer is
another Conv2DTranspose layer with 2 channels (matching the input data), kernel size (1,
3), linear activation function, and ’same’ padding. The compressed DA data is then input
to DDQN to determine the clustering number. The detailed Autoencoder and DDQN
parameters are shown in Tables 3.2 and 3.3, respectively.

We compare the proposed DA-assisted resource reservation scheme with the following
benchmark schemes:

e Without DA (WDA): Multicast groups are constructed and updated based on users’
preferences and locations. The resource demand prediction relies on historical video
traffic distribution, while the user satisfaction model selects the same model structure
as the proposed DA-assisted resource reservation scheme. Bandwidth and computing
resource reservations are based on predicted resource demands without considering
users’ swipe behaviors.

e Density-based spatial clustering of applications with noise [96] with FS algorithm
(DBSCAN-FS): User DAs are first constructed to store users’ historical data, but
the user clustering is based on the DBSCAN scheme. The resource demand predic-
tion, user satisfaction model, and resource scheduling algorithm are the same as the
proposed DA-assisted resource reservation scheme.

e DA-based user clustering, and branch- and bound-based scheduling algorithm (DA-
BBS): User DAs are first constructed to store users’ historical data. The user clus-
tering, resource demand prediction, and user satisfaction model are the same as the
proposed DA-assisted resource reservation scheme. However, the resource schedul-
ing is based on the 0-1 branch and bound method [97] that can obtain the optimal
scheduling decisions but with high computational complexity and storage consump-
tion.
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Table 3.2: Autoencoder parameters

Model Layer name NN units Activation | Padding
Compression ConvlD 32,3 ReLu same
for channel ConvlD 64, 3 ReLu same
conditions, Dense 60 Linear /
swipe Dense 60 x 64 ReLu /
timestamps, Conv1DTranspose 32,3 ReLu same
and preferences | ConvlDTranspose | 150/9e3/160, 3 Linear same
ConvlD 32,1 x3 ReLu same
ConvlD 64,1 x 3 ReLu same
Compression Dense 60 Linear /
for locations Dense 5.76eb ReLu /
Conv1DTranspose 32,1 x3 ReLu same
Conv1DTranspose 2,1x3 Linear same
Table 3.3: DDQN parameters
Parameter Value Parameter Value
Memory size 2000 Initial exploration rate 1
Discount rate 0.95 Exploration decay rate 0.995
Episode length 90 NN layer connection FC
Number of Episodes 300 Number of hidden layers 3
Learning rate 0.001 Activation function ReLLU
Mini-batch size 32 Number of neurons 512x256x128x64 %10

e DA-based user clustering, and branching dueling Q-network-based scheduling algo-
rithm (DA-BDQN): User DAs are first constructed to store users’ historical data.
The user clustering, resource demand prediction, and user satisfaction model are
the same as the proposed DA-based resource reservation scheme. However, the re-
source scheduling is based on the BDQN algorithm [98] that can efficiently solve the
high-dimensional resource scheduling problem by splitting the action space.

3.5.2 Clustering Performance Evaluation

In this section, we will compare the clustering number, the user density in each multicast
group, and the convergence performance of proposed clustering algorithm, respectively.
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As shown in Fig. 3.6, we present the clustering number distribution in the boxplot
for 90 resource reservation windows. It can be observed that the proposed scheme can
achieve lower first-quartile, median, third-quartile, and maximum values compared with
other schemes. Our proposed scheme demonstrates superior performance with relatively
minimal variations, while the WDA scheme exhibits a larger fluctuation. This can be
attributed to the unique capability of DAs to effectively extract users’ swipe probability
distributions. Consequently, our proposed scheme empowered by DAs can well adapt to
changes in swipe behaviors and network conditions. Overall, the proposed scheme offers
a more robust and efficient solution for managing multicast groups in the face of dynamic
changes in user statuses.
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Figure 3.8: A comparison between DDQN training with autoencoder and without autoen-
coder.

As illustrated in Fig. 3.7, we present the user density of proposed DA-assisted clus-
tering scheme during each resource reservation window. The darker the color, the higher
the user density, and vice versa. Overall, the variation trend of user density in each mul-
ticast group is relatively gradual. This can be attributed to two primary reasons. First,
reconfiguring bandwidth and computing resources for a multicast group entails additional
network overheads. Second, to accommodate diverse user demands and preferences, the
number of users within a multicast group is inherently limited. Furthermore, we observe
that certain multicast groups exhibit significantly higher user density than others. This
phenomenon arises because the majority of users own similar characteristics. By clustering
the similar users for multicast transmission and video transcoding, network traffic burden
can be effectively relieved.

As shown in Fig. 3.8, we present the convergence curve of the DDQN-based clustering
algorithm with and without autoencoder for determining the number of multicast groups.
We conducted three trials of training to draw the corresponding envelope area and mean
curve. Each episode consists of 90 steps, and the corresponding reward is the average
reward for all steps within an episode. It can be observed that as the number of episodes
increases, the reward of DDQN with autoencoder gradually grows larger. When the num-
ber of episodes approaches nearly 70, the reward of DDQN with autoencoder converges to
a stable state, indicating that the DDQN-based clustering algorithm with autoencoder can
effectively extract user similarity from user statuses to determine the number of multicast
groups. The reason is that the autoencoder can compress high-dimensional user DA data
into a low-dimensional latent space through neural network training, and minimize recon-
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struction error through a loss function. The lower-dimensional latent space can capture
essential intrinsic features of user DA data, which can help DDQN algorithms efficiently
mine user similarity for user clustering.

3.5.3 System Utility Performance Evaluation

As illustrated in Fig. 3.9, we first present the performance comparison of various system
utility components under different schemes. With respect to bandwidth and VM reser-
vation satisfaction, the proposed scheme can achieve a relatively high satisfaction level.
Especially, bandwidth reservation satisfaction exhibits less fluctuation compared with VM
reservation satisfaction. This is because the number of reserved VMs directly affects the
speed of video transcoding, leading to variations in video quality and buffer length. Con-
sequently, when the number of reserved VMs is insufficient, user satisfaction tends to fluc-
tuate more significantly. In comparison to other schemes, WDA has the lowest satisfaction
level. This is attributed to the lack of user DAs, which disables the network controller from
swiftly and accurately analyzing users’ similarities from their historical data to precisely
construct multicast groups. As a result, bandwidth and VM instance reservation cannot
meet the actual resource demands of each multicast group, thereby leading to lower user
satisfaction.

In terms of bandwidth and VM operation cost, WDA and DBSCAN-FS schemes can
achieve a lower resource operation cost compared with the proposed DA-assisted resource
reservation scheme, as shown in Fig. 3.9(c)(d). This is because these two schemes mainly
rely on video traffic distribution to predict each multicast group’s resource demand without
incorporating the impact of users’ swipe behaviors. In each resource reservation window,
resources are reserved as close as possible to the predicted resource demands, which can
effectively reduce resource operation cost. However, user swipe behaviors are dynamic and
differentiated, which can cause frequent resource demand fluctuations. Without consid-
ering the impact of users’ swipe behaviors, the resource demand prediction can be not
accurate enough, which can cause frequent resource reconfiguration and rebuffering events.
Therefore, although these two schemes can achieve a lower resource operation cost, they
also sacrifice more resource reconfiguration costs and degrade user QoE.

3.6 Summary

In this chapter, we have studied a novel resource management issue to enhance the multicast
short video streaming performance. We have proposed a DA-assisted resource reservation
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47

[E

c
2
‘gg’ 0.9r
o
©0.8+
195)
c
©0.7¢
B
S
g 0.61
o —— Proposed
s 0.5 —WDA
S ——DBSCAN-FS
0.4 : : : : :
0 5 10 15 20 25 30

Resource Reservation Period

(b) VM Reservation Satisfaction

35
B 3f
(@]
Q
_5 25¢
5
Q 2t
o
=
S 15¢f
|— Proposed — WDA —— DBSCAN-FS|
1 L L L L L
0 5 10 15 20 25 30
Resource Reservation Period
(d) VM Operation Cost

3 ; ‘
- —— Proposed
025+ —WDA
EC) ——DBSCAN-FS
S 2
B
DL5|
5
§ 1
=05¢
>

0 ‘ |

0 5 10 15 20 25 30

Resource Reservation Period
(f) VM Reconfiguration Cost



scheme to abstract the swipe probability distribution and recommended video list for the
bandwidth and computing resource demand prediction. Furthermore, we have proposed
a user satisfaction model by taking the user’s personalized preference and service sensi-
tivity into account. A low-complexity resource scheduling algorithm has been designed to
determine the joint bandwidth and computing resource reservation.
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Chapter 4

Digital Agent-Based Resource
Allocation for QoE-Driven Multicast
Short Video Streaming

In this chapter, we propose a DA-based network management scheme to enhance QoE.
Firstly, user status emulated by the DA is utilized to estimate the transmission capabilities
and watching probability distributions of sub-multicast groups for adaptive segment buffer-
ing. The sub-multicast groups’ buffers are aligned to the unique virtual buffers managed
by the DA for a fine-grained buffer update. Then, a multicast QoE model consisting of re-
buffering time, video quality, and quality variation is developed, by considering the mutual
influence of segment buffering among sub-multicast groups. Finally, a joint optimization
problem of segment version selection and slot division is formulated to maximize QoE.
To efficiently solve the problem, a data-model-driven algorithm is proposed by integrating
a convex optimization method and a deep reinforcement learning algorithm. Simulation
results based on the real-world dataset demonstrate that the proposed DA-based network
management scheme outperforms benchmark schemes in terms of QoE improvement.

4.1 Background and Motivations

Short video platforms such as TikTok, Instagram Reels, and YouTube Shorts have experi-
enced a dramatic surge in user scale, with TikTok’s monthly active users reaching 1.7 billion
in 2023. Seamless video requests bring a huge traffic and computing burden to communica-
tion networks, which cause frequent playback lags and video quality fluctuation, especially
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in areas with high user density, thereby deteriorating users’ watching experience [99]. Mul-
ticast transmission, as an essential technology in wireless networks, can enable a single
data stream to be disseminated to numerous users in a group simultaneously. By multi-
casting short videos to the users with similar characteristics and geographical locations,
the redundancy in video transcoding and transmission can be effectively reduced, thereby
alleviating the network traffic and computing burden [40].

For multicast short video streaming services, one of the key metrics to evaluate the
performance is QoE. It is typically a multi-dimensional metric used to quantify users’
subjective and objective watching experience [100]. For instance, video quality (resolution,
bitrate), latency, as well as rebuffering events are the most important factors that dominate
the QoE level [101]. To maintain users’ QoE at a high level, efficient network management
is essential, such as buffer management and resource scheduling [102, 103]. Specifically,
due to the limited bandwidth and computing resources, it needs to be determined which
versions and quantities of segments (sequential components of a video sequence) should be
transmitted to users’ buffers, and at what priority levels. Furthermore, due to asynchronous
swipe behaviors in one multicast group, one multicast group can be further divided into
multiple sub-multicast groups. The sub-multicast group with a leading video playback is
defined as the leading sub-multicast group, otherwise, the lagging sub-multicast group. The
bandwidth and computing resources need to be flexibly and accurately assigned to each
sub-multicast group to reduce service delay, which consists of multicast transmission delay
and trancoding delay. Nevertheless, existing network management schemes are mainly
based on the sequential buffering principle and general QoE model while neglecting the
impact of users’ swipe behaviors and the mutual influence of sub-multicast groups’ segment
buffering. As a result, users may suffer from frequent playback lags and low video quality,
thus leading to a low QoE.

DA is a promising technique to optimize network management for better QoE. As an
essential component embedded in the next-generation communication networks, DA is com-
prised of a data pool as well as several data processing and decision-making modules, which
can efficiently emulate user behaviors and network conditions, abstract distilled features,
and make network management decisions [104, 105]. Owing to its powerful emulation,
analysis, and decision-making capabilities, communication networks can more intelligently
perceive sub-multicast groups’ behavior patterns, finely control sub-multicast groups’ buffer
update, and provide customized network management strategies to enhance user QoE. In
this work, the precise role of constructed DA is to emulate users’ future network conditions
and swipe behaviors, abstract the watching probability distribution of segments, and make
tailored network management decisions based on the emulated user status and abstracted
information.
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The motivation of the DA-based network management for multicast short video stream-
ing includes three aspects. Firstly, due to users’ stochastic swipe behaviors, users’ viewing
sequences are usually non-sequential. The existing sequential buffering principle can cause
the segments to be swiped to not being buffered in time, resulting in playback lags. More-
over, users’ buffer lengths are usually overestimated due to multicast segment buffering,
which can bring inaccurate rebuffering time estimation. Therefore, it is essential to develop
an efficient segment buffering scheme that adapts well to users’ swipe behaviors. Secondly,
the QoE model is typically composed of multiple factors. Due to the impact of multicast
transmission and segment buffering priority, different QoE factors among sub-multicast
groups influence each other, collectively impacting the multicast group’s QoE. Therefore,
it is paramount to establish a QoE model specifically tailored for multicast short video
streaming. Thirdly, since network management is usually a multi-variable decision-making
problem, such as the segment version selection and resource scheduling, the interplay among
the variables makes the optimization problem complex and difficult to solve. Therefore,
how to design an efficient algorithm to solve it for high user QoE is important.

Designing an efficient DA-based network management scheme needs to address the
following challenges: 1) incorporating the impact of users’ swipe behaviors in multicast
segment buffering; 2) establishing an accurate multicast QoE model; 3) designing an effi-
cient algorithm to solve the complex multi-variable decision-making problem. Specifically,
users’ swipe behaviors are stochastic and spatiotemporally varied, which are difficult to ac-
curately predict in real time. Therefore, how to conduct effective data abstraction to obtain
the distilled swipe feature and utilize it to facilitate accurate multicast segment buffering is
challenging. Furthermore, since the lagging sub-multicast group can still receive segments
from other leading sub-multicast groups in its scheduling slot, this interactivity results in
complex QoE estimation. Therefore, how to characterize the impact of multicast segment
buffering among sub-multicast groups on the QoE model is challenging. Finally, since the
network management problem is usually a mixed-integer non-convex problem, directly us-
ing model-based or data-driven algorithms can lead to a loss in the system performance.
Therefore, how to ingeniously combine the advantages of model-based and data-driven
algorithms to efficiently solve the formulated problem is challenging.

In this paper, we propose a DA-based network management scheme, which can effec-
tively enhance user QoE. The main contributions are summarized as follows:

e Firstly, we propose a novel DA-assisted buffer management scheme to incorporate the
impact of swipe behaviors. Specifically, users’ historical status, including locations,
channel conditions, preferences, and swipe timestamps, is stored in the DA for status
emulation. The emulated status is used to abstract the sub-multicast groups’ trans-
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mission capabilities and the watching probability distribution of segments. Based
on the abstracted information, DA can make an adaptive segment buffering deci-
sion. Furthermore, DA is utilized to construct and manage virtual buffers for each
sub-multicast group for a fine-grained buffer update.

Secondly, we establish a multicast QoE model to quantify the impact of multicast
segment buffering among sub-multicast groups. Specifically, the multicast QoE model
is built as a weighted sum of rebuffering time, video quality, and quality variation,
where the weighting factors are the integration of buffering order and users’ sensitivity
degrees. The rebuffering time estimation relies on the multicast transmission delay
as well as the parallel transcoding process. The video quality and quality variation
depend on the relationship between the segment version and Structural Similarity
Index Measure (SSIM). Based on these elements, an accurate multicast QoE model
is established.

Thirdly, we formulate a joint optimization problem of segment version selection and
slot division to maximize QoE. Since the formulated problem is a mixed-integer non-
linear programming problem, it is hard to directly use a model-based or data-driven
algorithm to solve it. Therefore, we propose a data-model-driven algorithm. Specif-
ically, a convex optimization method is embedded in a DRL algorithm to decouple
the joint optimization problem and reduce the action dimension, which can efficiently
solve the formulated problem. The extensive simulation results on real-world short
video streaming datasets show that the proposed DA-based network management
scheme can effectively enhance QoE as compared with state-of-the-art network man-
agement schemes.

The remainder of this chapter is organized as follows. The system model, including
a DA-based resource allocation framework, DA construction, DA-based segment buffering
and update, and multicast QoE model, is presented in Section 4.2. The problem formula-
tion and the proposed scheduling algorithm are shown in Sections 4.3 and 4.4, followed by
simulation results in Section 4.5. Finally, Section 4.6 summarizes this chapter.

4.2 System Model

In this section, we first propose a DA-based resource allocation framework. Then, we
present how to construct DAs and utilize them to realize accurate segment buffering and
buffer updates. Finally, a multicast QoE model is established.
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Figure 4.1: DA-based resource allocation framework for multicast short video streaming.

4.2.1 Digital Agent-Based Resource Allocation Framework

As shown in Fig. 4.1, we consider a DA-assisted MSVS scenario, which consists of an Access
Point (AP), multiple multicast groups, and one DA.

e Access Point: The AP owns communication, computing, and caching capabilities.
Based on users’ requests, cached video sequences will be transcoded to appropriate
bitrates and then transmitted to each multicast group. In addition, it is responsible
for collecting users’ network-related and behavior-related information to update DA
data.

e Multicast Group: Each one consists of multiple users using short video services. The
same video sequences will be transmitted from the AP to one multicast group over
shared wireless channels. The multicast group’s construction and update mainly
depend on users’ similarities in swipe behaviors, channel conditions, locations, and
preferences. Due to asynchronous swipe behaviors, users’ devices in the same mul-
ticast group still have different playback stamps and buffer lengths. Therefore, one
multicast group is further divided into multiple sub-multicast groups, denoted by
G ={1,---,G}. The number of total users in the system is denoted by K. The set
of users in sub-multicast group ¢ is denoted by {ICg}g o
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Figure 4.2: Proposed DA-assisted multicast short video streaming workflow.

e Digital Agent: It consists of a database storing users’ status information, a status
emulation module, as well as multiple data analysis and decision-making modules.
DA data comes from two aspects, i.e., data measurement and emulation module.
The former is used to obtain the label data to detect whether the emulated data is
accurate enough and supplement DA data when emulated data has a large deviation.
The latter uses machine learning-based algorithms to predict users’ future status.
The data analysis module is responsible for abstracting distilled data features, such
as swipe probability distribution, request density, user satisfaction, etc, which can
facilitate tailored network management in the decision-making module.

As shown in Fig. 4.2, we present the proposed DA-assisted multicast short video stream-
ing workflow. Specifically, the user status emulation module can generate user status infor-
mation. When the generated data has a significant deviation from the actual user status
data, new actual data is collected to correct user status information. The user status in-
formation is first utilized to abstract the user’s swipe feature, such as swipe probability
distribution, which can update the video popularity and watching probability distribu-
tion of segments. The updated information is then used to make the tailored segment
buffering and sub-multicast groups’ buffer update decisions. Next, sub-multicast groups’
buffer lengths are estimated, which are integrated with user status information to make
a joint segment version selection and slot division decision. Finally, all network manage-
ment decisions are transferred to the network controller to guide the physical entities to
implement.

The main notations and their definitions are listed in Table 4.1.
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Table 4.1: Notations and definitions

Notation Definition
Vi j The recommended segment j in video ¢
W The watching probability of segment ¢ in video ¢
Dij The swipe probability of segment ¢ in video @
A; The number of segments in video
T, The scheduling slot length
T The time duration of one segment
Tk The transmission capability of user k in sub-multicast group g
qg The length of buffer f in sub-multicast group g¢
D, The transmission delay of sub-multicast group ¢
Sy The service delay of sub-multicast group ¢
Qq The video quality of newly buffered segments in sub-multicast group ¢
v The video quality variation between adjacent segments in
g sub-multicast group g
T, The multicast QoE of sub-multicast group ¢

4.2.2 Digital Agent Construction

DA consists of multiple modules, which are summarized as status emulation, data analysis,
and decision-making, as shown in Fig. 4.2.

Firstly, since network conditions and user behaviors are essential to reflect users’ char-
acteristics and requirements, we utilize the AP to collect users’ data from two aspects, i.e.,
networking-related data and behavior-related data. The networking-related data include
users’ channel conditions and locations, which are utilized to estimate the transmission ca-
pabilities. The behavior-related data consists of users’ swipe timestamps and preferences.
The AP accumulates network-related data primarily through channel measurements, while
behavior-related data is collected relying on users’ periodical upload. To reduce data
collection costs while maintaining data freshness, a higher data collection frequency is im-
plemented on networking-related data compared with behavior-related data. Furthermore,
the LSTM network is utilized to mine data correlation, which can effectively emulate users’
future networking-related data and behavior-related data. This operation can effectively
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reduce frequent data interaction costs between DA and users. By integrating these two
kinds of data, DA can accurately emulate users’ real-time status for network management.

Secondly, two kinds of data analysis modules are embedded in the DA i.e., the swipe
behavior analysis module and the watching probability analysis module. The former has
been investigated in Chapter 3 for resource demand prediction. The latter is our focus
in this Chapter, which aims at assisting the buffer management. Specifically, due to the
impact of sequential playback and swipe behaviors, each segment’s watching probability
has a dependable relationship. From the aspects of the first and subsequent segments’
swipe probabilities, the watching probability distribution of segments is derived in DA.
Based on the derived information, DA can realize an accurate buffer management.

Thirdly, based on the emulated status and analyzed data, DA can realize tailored
decision-making to further enhance user QoE. Three kinds of decision-making modules
are designed to make the segment buffering scheme, the sub-multicast groups’ buffer up-
date scheme, and the joint segment version selection and slot division scheme, respectively.
These modules are intricately coupled, where the output of one module seamlessly transi-
tions into the input of the following module, collectively influencing QoE. A data-model-
driven algorithm is proposed to decouple the joint optimization problem and reduce the
action dimension for efficient network management.

DA is considered as a secure third-party platform between AP and video service providers,
which can collect both networking-related data and behavior-related data. The collected
behavior-related data by DA is used to analyze the statistical information of multicast
groups instead of direct utilization of individual behaviors. The collected network-related
information is used to estimate multicast groups’ transmission capabilities and update
multicast groups, which is not shared with short video streaming applications. The fun-
damental role of DA is to emulate users’ future status, abstract the watching probability
distribution of segments, and make tailored network management decisions.

4.2.3 Digital Agent-Based Segment Buffering

Due to users’ diversified swipe behaviors, the segments to be watched do not follow a
sequential order, which can cause different watching probabilities. To reduce rebuffering
events, we need to analyze which segments should be prioritized for buffering. Therefore,
we design a DA-assisted segment buffering scheme. The specific analysis is as follows.

As shown in Fig. 4.3, DA recommends a video list for the multicast group in each large
timescale. Each video sequence consists of multiple segments with the same time length.
The recommended video list is denoted by {v;; },. Noje{l o A} where N is the recommended
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Figure 4.3: Watching probability analysis.

video index list, and A; is the number of segments in video 7. Assuming that there are no
quit behaviors during video watching. Since the probability of watching next segment 741
only depends on the current state [84], i.e., the watching probability of current segment j
and the swipe probability from j to j+ 1, we estimate the watching probability distribution
of multicast group by modeling the Markovian transition on users’ swipe behaviors. Let
w; j represent the watching probability of segment v; ;. For any two successive segments j
and j 4+ 1 in video 7, the watching probability of segment j 4 1 is derived as

Wi = wi(1 —pig), Vi€ N, je{l,--- A — 1}, (4.1)
where p; ; is the swipe probability of segment v; ;. Based on Eq. (4.1), we further analyze
the watching probability distribution from the perspectives of 1°* and subsequent segments.

For the 15¢ segment of video 1, its watching probability is related to the swipe probability
of all segments in previous video ¢ — 1. Therefore, the corresponding watching probability,
w; 1, is expressed as

Ai_l—l j
W;1 = Wi-1,1 (pil,l + Z Di—-1,j+1 H (1 - pil,k)) . (4-2)

j=1 k=1

For the subsequent segment j of video 7, its watching probability is only related to
the swipe probability of previous segment j — 1. Therefore, the corresponding watching
probability, w; ;, is given by

j—1

k=1

Based on the watching probability distribution, we can determine the segment buffering
order from high to low. Furthermore, we analyze how many segments should be added to
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the multicast group’s buffer in each scheduling slot, which needs to satisfy two requirements,
i.e., 1) buffer requirement: buffer minimum segments to avoid buffer length empty; 2)
resource requirement: assign all bandwidth and computing resources to each sub-multicast
group to observe how many segments can be buffered.

For the buffer requirement, we need to guarantee the buffer length is larger than the
scheduling slot length for each sub-multicast group. Therefore, we can have

Ty —q,1"
Npuffer = Z |:qu:| ) (44)

g€eg

where T and 7 represent the scheduling slot length and the segment length, respectively.
Here, g, represents sub-multicast group g¢’s buffer length for current watching video se-
quence and function [z]” = max {z, 0}, respectively.

For the resource requirement, we analyze the multicast transmission mechanism among
sub-multicast groups, as shown in Fig. 4.4. Each video sequence consists of multiple seg-
ments, represented by different colors. The index orders of sub-multicast groups are consis-
tent with the video viewing progress, sorted from low to high. Sub-multicast groups can be
classified into lagging sub-multicast groups and leading sub-multicast groups based on their
video viewing progress. The lagging sub-multicast groups can receive the video segments
from leading sub-multicast groups in their scheduling slot through multicast transmission
in a multicast group, while the leading sub-multicast groups do not receive the video seg-
ments from the lagging sub-multicast groups in their scheduling slot. Through this way,
the video segments can be buffered in advance for lagging sub-multicast groups, which can
avoid repeated segment buffering in the future scheduling slot. Therefore, the transmis-
sion capability of sub-multicast group ¢ + 1 needs to consider users’ channel conditions
both from itself and sub-multicast group ¢g. Based on the above analysis, the maximum
buffered segments within all reserved bandwidth and computing resources need to satisfy
the following requirements, i.e.,

— ~B —
I ng+1l
l : l
Z Zg,m S H}ln TSTQJC S Z Z Zg,mﬁv.g € g?
=1 keUj—1 Ka m=1 [=1 (4 5)
al+1 | ’
g l

!
B2 g STC < p 30 32,9 €0,

m=11=2 m=1 =2

where z;m is the file size of segment m of version [ for sub-multicast group g, which adopts
the SVC principle [106]. Here, ﬁlg’ and ﬁgc represent the segment buffering numbers by
allocating reserved bandwidth resources and computing resources, respectively. Here, [
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Figure 4.4: Multicast transmission mechanism among sub-multicast groups.

is the average segment version and parameter p is the computing density for segment
transcoding. Here, C' is the computing capacity of AP. Furthermore, r,; is the data rate
for user k in sub-multicast group g, which is given by

r,» = Blog, (1 + By Po /N0> , (4.6)

where hg )y is the channel gain of user £ in sub-multicast group g and N, is the noise
power. Here, Pp and B represent the downlink transmission power and the reserved
bandwidth resources for the multicast group, respectively. Considering users’ diversity in
swipe behaviors, video preferences, and locations, the number of users in each sub-multicast
group is very limited to guarantee transmission efficiency, usually 3 to 5 users with certain
distances. Therefore, the signal interference between users within sub-multicast group g
is relatively small, which is ignored in Eq. (4.6) for calculation convenience. To ensure
that all users can receive the data, the transmission capability supported by the worst user
channel condition in the sub-multicast group is selected [107, 108].

Since Eq. (4.5) consists of monotonically increasing functions, the maximum segment
buffering numbers ﬁgB and ﬁg can be uniquely determined by increasing their own values.
To satisty both bandwidth and computing resource requirements, we select the smaller one
between ﬁgB and 'FLS as the segment buffering number, i.e., 7, = min {ﬁgB,ﬁg}. For one
multicast group, the segment buffering number in the resource requirement is the maximum

value of all sub-multicast groups’ segment buffering numbers, i.e., Niesource = magx Ng.
g€

According to the buffer and resource requirements, we can determine the segment
buffering number, i.e., n = | max {Npufter, Mresource | |, Where [ -] is the floor operation. Then,
the buffered segment sequence of sub-multicast group g can be obtained by integrating
segment buffering number and order, denoted by €2,.
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Figure 4.5: DA-assisted sub-multicast group’s buffer management.

4.2.4 Digital Agent-Based Buffer Update

As shown in Fig. 4.5, we utilize the virtualization technology of DA to construct multiple
virtual buffers for sub-multicast group g, where each virtual buffer corresponds to the
divided and subsequent sub-multicast group’s buffer. The buffer index of sub-multicast
group ¢ is denoted by f, ranging from 0 to G — g. Since the original buffer update function
usually characterizes the relationship between the current buffer size, downloaded video
length, and scheduling slot length, without considering multicast transmission among sub-
multicast groups [85, 102], we modify the buffer update function, as follows:

Jr
I T 7|0 ] -
q97t+T|Qg+f|, er{].,G—g},

where || is the segment buffering number of sub-multicast group g.

When sub-multicast group g starts to watch the next video, the current buffers 0 to
G — 1 will be replaced by new buffers 1 to G, and a new empty virtual buffer will be added
as buffer G. Assuming that within each scheduling slot, the number of swipe behaviors
for each sub-multicast group is at most once. An indicator function S,; is introduced,
where S;; = 1 denotes a swipe behavior and S,; = 0 denotes no swipe behavior. By
integrating the impact of swipe behaviors, sub-multicast group g¢’s buffer update can be
further modified as

Q§7t+1a Sg,t =0,
5£,t+1 = Qﬂip Sg = 1&f € 0,G —g—1], (4.8)
0, Sgt =1&f =G —g.

60



4.2.5 Multicast QoE Model

To evaluate the system performance, we construct the multicast QoE model, consisting of
rebuffering time, video quality, and quality variation, which considers the mutual influence
of multicast segment buffering. The specific analysis is presented as follows.

In each time slot, since each sub-multicast group can occupy the total bandwidth and
computing resources in its scheduling slot, we further divide a scheduling slot into multiple
mini-slots, where each sub-multicast group can occupy the total bandwidth and computing
resources in its mini-slot. We define the variable 3, ; as the division ratio for sub-multicast
group ¢ in scheduling slot ¢, which need to satisfy the following constraint, i.e.,

G
Zﬁg,t S 1th S T (49)
g=1

where T is the scheduling slot set. For the simplification of expression, we omit ¢ in
the following section. Since the lagging sub-multicast group can receive segments from the
leading sub-multicast group in its mini-slot, the transmission delay of leading sub-multicast
group needs to consider users’ channel conditions of itself and its previous sub-multicast
groups. Correspondingly, the multicast transmission delay, D,, is derived by

L l i
. Zl:l Zmng Cng,m Zj:l Zg,m

min - Sgr, ;.
keugzl ICd ’

D, (4.10)

Since each segment can have multiple layers that correspond to different versions, we

define a binary version selection variable algm, where a; . = 1 indicates segment layer [ of
l

video m is selected for buffering in sub-multicast group g, otherwise, a ,, = 0.

To avoid repeated video transmission, we assume that only one segment version can be
selected for buffering in sub-multicast group ¢ in each time slot, which can be expressed as

L
lel al,, =1,Yme Q. (4.11)

Since the transmission process and transcoding process can be conducted in parallel,
the service delay of sub-multicast group g equals to the larger one between the multicast
transmission delay and video transcoding delay, i.e.,

L ! ;
3 Zmng aﬁ],m Zj:l Zgm
5yC '

Sy = max {Dg, (4.12)
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Based on sub-multicast group ¢’s current actual buffer 0 and service delay, we refer to
[102] to derive the rebuffering time, i.e.,

R, =[S, -3 (4.13)

SSIM is a common metric used in video quality assessment The relationship between
video bitrate, b, and SSIM, (), can be depicted as Q = 1 — 2b+1 [85], where @ ranges from 0
to 1 and a higher () means a higher video quality. Based on this mathematical relationship,
the video quality of new buffered segments in sub-multicast group g can be expressed as

1
Q=Y 1-—— — . (4.14)
mefly 2 2l:1 ai],m Zj:l Z!]Jvm/T +1

Based on video quality, we can analyze the video quality variation, V,, between adjacent
segments in sub-multicast group g, depicted by

192

where Q) is the video quality of the last segment in sub-multicast group g’s buffer before
new segment buffering.

To reflect the user’s satisfaction with network management, three factors including
rebuffering time, video quality, and quality variation, can be integrated into the multicast
QoE model, as referred in [109], which can be expressed as

T, (397 By) = Qg — A1 Ry — Ag 2V, (4.16)

where a, is a vector whose unit element is a . Here, Ay 1 and Ao represent users’ sensitiv-
ity degrees of rebuffering time and quality varlatlon in sub-multicast group g, respectively.

Considering each sub-multicast group has multiple segments to be buffered with dif-
ferent buffering orders, we need to incorporate the impact of buffering order into resource
allocation. Therefore, we transform the buffering order into weighting factors, which can
be expressed as

Sy Gy
T Zg 1Zm 1 Pgm

where ¢g4,, is the buffering order of segment m for sub-multicast group g, and a larger
value corresponds to a higher buffering priority. Based on weighting factors, we can refine
the established QoE model, i.e.,

w

(4.17)

T, = w, T, (4.18)
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Here, users’ network-related and behavior-related information is utilized to update sub-
multicast groups and recommended video list, as well as estimate transmission capabilities
and watching probability distribution, which are important elements to constitute the
multicast QoE, 1.

4.3 Problem Formulation

Since each sub-multicast group’s bandwidth and computing resource demands are dynamic
due to users’ dynamic swipe behaviors and video requests, the reserved bandwidth and com-
puting resources need to be flexibly and accurately allocated to each sub-multicast group
at each scheduling slot to reduce playback lags. Furthermore, the versions of segments
to be buffered need to be as high and stable as possible to ensure high video playback
quality. By achieving low playback lags and high video playback quality, users can obtain
better QoE. Based on the above analysis, our objective is to maximize long-term user QoE
by optimizing segment version selection and slot division at each scheduling slot. The
formulated problem P1 is given by

Pl :{ag,i%if{}tg % Z,il deg T, (age, Byi) (4.19a)
s.t. (4.9) and (4.11),
ab i €{0,1} Vge G meQyleLiteT, (4.19b)
Bos €10,1,VgeG.teT. (4.19¢)

Constraint (4.9) is the resource capacity constraint, which guarantees that the total sched-
uled bandwidths and computing resources cannot exceed the system capacity. Constraint
(4.11) is the video transmission constraint, which avoids the repeated video transmission
for each sub-multicast group.

4.4 Proposed Solution

We omit ¢ in this subsection for the simplification of expression. The formulated problem
is a mixed-integer nonlinear programming problem with the objective of maximizing long-
term user QoE. The dimension of a is 28295 91% ! which is very huge when the numbers
of sub-multicast groups, recommended segments, and segment versions are high. The
variable vector [ are continuous values ranging from 0 to 1. Since these variables are
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Figure 4.6: The proposed data-model-driven algorithm structure.

coupled with each other, it is hard to directly use a data-driven or model-based method
to solve it. Therefore, we consider a data-model-driven algorithm to solve it, as shown in
Fig. 4.6. On the one hand, convex optimization excels in handling optimization problems
involving continuous variables, especially when the problem structure is provably convex.
On the other hand, the non-convex nature induced by discrete variables makes traditional
optimization techniques less effective. Here, DRL can play a crucial role as it learns
optimization policies through interactions with the environment, adapting and learning
even amidst uncertainty and complexity in problem dynamics and feedback. The state
from the environment is first input to the Q-network in BDQN to obtain the segment
version selection decision a. Then, the Sequential Least Squares Quadratic Programming
(SLSQP)-based convex optimization algorithm [98] utilizes environment information and
determined decision a to solve the continuous optimization subproblem for obtaining mini-
slot division . Next, the joint action (a,3) is fed back to the environment to implement
the network management decision. Finally, the reward from the environment is used to
update the Q-network in BDQN. The detailed procedure is presented as follows.

4.4.1 Deep Reinforcement Learning-Based Segment Version Se-
lection

To solve the segment version selection optimization subproblem, we employ the Branching
Dueling Q-Network (BDQN) algorithm, whose architecture is shown in Fig. 4.7.

As shown in Fig. 4.7, sub-multicast groups’ state consisting of buffer lengths, channel
gains, and video quality, i.e., {{q }geg’ {hg’k}keng,geg7 {QQ:O}gEQ}’ are concatenated

and input into the fully connected neural networks. The BDQN architecture is an amalga-
mation of Dueling Q-Networks [110] and a branching action mechanism, which comprises
two key components, i.e., value function and advantage function. The value function V(s)
estimates the value of being in a particular state, independent of any specific action. Ad-
vantage function A, exists in each action branch g, which estimates the additional value of

64



@)
Buffer _ O P —
lengths O
O O S Ay(s,ag) Qq(s,ag)
O O CE) ] argma
Chapnel O O : a*
gains Concat O oo . C:) N
: O
O
Video __| : O C:) N
quality O C.) Ve

Figure 4.7: The constructed BDQN architecture.

taking a particular action in a given state, relative to other actions. This design allows the
network to scale more effectively with the number of decision variables compared to tradi-
tional methods that might treat the action space as a single, flat structure. Furthermore,
by decoupling the estimation of state values and the advantages of actions, BDQN can
more accurately assess the relative value of each action in a given state. The segment ver-
sion selection decision is split into G sub-actions, where the sub-action for sub-multicast
group ¢ is denoted by a, = {aé7m}meﬂ er Each action branch corresponds to a sub-
multicast group. The action dimension of each branching Q-network consists of M rows
and L columns, where M and L represent the maximum number of buffering segments and
segment versions in one sub-multicast group, respectively. To guarantee only one segment
version is selected for each segment, the position of the maximum value in each row is se-
lected as the segment version selection value. The reward function is sub-multicast groups’
QoE, i.e., deg T, (a4, ;). The advantage function of each sub-action, i.e., Ay(s,a,) is
trained with the common state value V(s) by experience replay. The Q-value of each
sub-action is updated based on the average advantage functions, which can be expressed
as

Qg (s,ay) =V (s)+ | Ay (s,ay) — 1 Z A, <s,a/g> , (4.20)

where a;} is the next-step sub-action for sub-multicast group g and p, is the sub-action
dimension, i.e., 2 x ||€,|| x L. In each step, BDQN has a probability, i.e., (1 —¢), to select
the action that can obtain the highest Q-value, which can be expressed as

a= {arg max Q <s,a,1;91) -+ argmax Qg (s,alG;HG>} , (4.21)

a, aG
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where 6, is the network weights of Q-network g.

To enable the agent to efficiently train, we employ the temporal-difference (TD) target
after every step, which is an estimate of the expected return (future cumulative reward)
for a given state-action pair, expressed by

y=r-+ 19% Zg: @g (S', arg rlnax(@g (s’, a;>> ) (4.22)

g

To quantify the difference between the predicted and target Q-values, a loss function
is essential, which can guide the optimization of neural network parameters to improve
learning accuracy. The loss is the expected value of mean square error across the branches,
ie.,

L(0) = Earer-n lé S -0 ag»?] . (.23

Furthermore, the prioritization error is crucial for efficiently focusing the learning pro-
cess on the most informative experiences, by prioritizing those with higher TD errors in the
training process. Here, the prioritization error is defined by summing across a transition’s
absolute, i.e.,

op (s,a,r,s) Z 1Yy — Qg (s, ay)|. (4.24)

Based on the above analysis, the detailed algorithm procedure to determine segment
version selection variable a is shown in Algorithm 2.

4.4.2 Optimization-Based Slot Division

We first transform the maximization problem into the minimization problem. When a is
determined, denoted by a*, the original objective function in the maximization problem
can be transformed to the opposite objective function in the minimization problem, i.e.,

degT (ag", By) = degT (ag™, By)-
Theorem 1: The transformed objective function g fg (ag*, B,) is convex about (3.
Proof: See Appendix A.

For the transformed convex problem, we need to find an effective algorithm to solve it.
SLSQP is adept at solving the formulated linear constrained convex optimization problem
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Algorithm 2: BDQN-based segment version selection

1 Input: Sub-multicast groups’ buffer lengths q, channel gains h, video quality Q,
and network update threshold I’

Output: Segment version selection a;

Initialize: Replay memory D, action-value function Q with random weights 6,

w N

target action-value function @ with weights 6';
for each episode do

4
5 Reset initial state sq;
6 for each step t € {1,---,T} do
7 With probability ¢ select a random action a;, otherwise, the action is
selected based on Eq. (4.21);
8 Implement the Algorithm 3 to obtain slot division [;;
9 Execute joint action (a;, 3;) in the environment;
10 Observe reward r; and new state s;,1;
11 Store transition (s, a;, r¢,8;41) in D;
12 Prioritize replay based on Eq. (4.24) to obtain a transition (s;,a;,r;,8;4+1)
from D;
13 Calculate the TD target based on Eq. (4.22);
14 Perform a gradient descent step based on the loss in Eq. (4.23);
15 Every I' steps, reset @ =Q;
16 end
17 end

by iteratively approximating them into quadratic subproblems [111]. The algorithm can
converge to a global minimum for a convex problem due to the following reasons. First,
by leveraging the gradient information and incorporating the constraints into Lagrange
multipliers, SLSQP ensures that the solution not only optimizes the objective function
but also strictly adheres to the problem’s constraints. Second, given that our decision
variables are continuous and bounded, SLSQP’s design inherently aligns with the problem’s
structure, making it reliable to find the optimal solution. SLSQP needs the gradient
information, but the optimization problem is not derivative at every point. Therefore, we
employ the sub-gradient method [112] to analyze its sub-gradient.

In iteration ¢, the sub-gradient of ?g (ag*, Béi)) can be determined based on the value of

(z)" function. Let denote ?g <ag*, ﬁp) = ﬁ%’l — 4.2, where functions ¢, 1 and ¢, 5 can
g
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be expressed as g1 = wyAg1 max {Z1(6y), Z2(8y)} and @g0 = ¢)(a}). Functions ¢, and
©g.2 are constants related with a,*. In addition, functions =;(5,) and =5(3,) are defined
in Appendix A.

Then, we can have the sub-gradient of variable for slot division variable B;i):

__¥g1 (4) $g,1
Gy S e

VI =) o A= (4.25)
0, otherwise,

where o is a positive value with the range of (0, 1].

Based on the sub-gradient information, the Hessian matrix, H, is expressed as
steg (VT () ... T (419)).

Since the quadratic subproblem is a fundamental step in the SLSQP algorithm, we formu-
late the quadratic subproblem as

~ ) ~ ) 1
P2: minT (a*, %) + VY (a*, 59) d + —d"Hd (4.26a)
IO 2
s.t. ¢ (B9) + Ve(3?) d < 0, (4.26D)
B9 +delo,1], (4.26¢)

where the objective function is the quadratic approximation around (a*, 3®). Here, ¢ and
d represent the function of Eq. (4.9) and the direction of change, respectively.

To solve the formulated quadratic subproblem, we can utilize the QP solver in the
CVXOPT!. The specific algorithm is shown in Algorithm 3.

4.4.3 Computational Complexity Analysis

The proposed data-model-driven algorithm is a convex optimization embedded BDQN algo-
rithm, as shown in Algorithm 1, where Algorithm 2 is embedded. The computing complex-
ity is related to the algorithm structure. Specifically, the number of training episodes and
steps are set to £ and T'. In each step, there exist several important computing processes,

LCVXOPT: https://cvxopt.org/examples/tutorial /qp.html
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Algorithm 3: SLSQP-based slot division

1 Input: Segment version selection a, video bitrate sequence z, bandwidth B,
computing capacity C, downlink transmission power PPY, noise power Ny, and
buffer length q;

Output: Optimal slot division §*;

Initialize: i = 0, B = B converge = False;

while converge == Fulse do

Calculate the gradient VY(3®);

Approximate the objective function and constraints at (a*, 6(”) by quadratic
functions;

Formulate the quadratic subproblem P2;

=~ 2NN SR N VR V)

S

8 Solve the quadratic subproblem to get direction d®;
9 Update the solution using a line search: g0+Y = g0 4+ o . d®;
10 if ||30+) — 0| < ¢ then

11 ‘ converge = True;

12 end

13 Increase the iteration number, ¢ <— ¢ 4 1;
14 end

15 Return g* = g,

i.e., action selection, SLSQP-based slot division, prioritized replay, TD target calculation,
and gradient descent. The computing complexity of action selection mainly depends on
the forward propagation, i.e., O(P), where P is related to model parameters. Since the
SLSQP-based slot division mainly includes gradient calculation, quadratic problem solv-
ing, and line search, its computing complexity can be expressed as O(M + n® +v x M),
where v, M, and n represent the evaluation number, the number of terms and variables
in the objective function, respectively. The computing complexity of prioritized replay
mainly depends on the replay buffer size, i.e., O(logD). The computing complexity of
TD target calculation and gradient descent both depend on the model parameters, i.e.,
O(2P). Therefore, the computing complexity of the designed data-model-driven algorithm
is O(EXxT x 3P+ M+ n®+vx M+logD)).
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Table 4.2: Simulation parameters

Parameter Value Parameter Value
B [6, 14] MHz K [10, 26]
C 8, 12] G cycles/s 1 4 G cycles/Mb
T, 5 sec A1 (0.2, 0.4]
T 2 sec Ao [0.5, 0.7]
Py 27 dBm Ny -174 dBm

4.5 Simulation Results

We conduct extensive simulations on the real-world dataset to evaluate the performance
of the proposed DA-based resource allocation scheme.

4.5.1 Simulation Setup

We adopt the short video streaming dataset? to obtain users’ swipe behaviors. We sample
1000 short videos from the YouTube 8M dataset®, which includes 8 video types, i.e., Enter-
tainment, Games, Food, Sports, Science, Dance, Travel, and News. Each video sequence is
encoded into four versions, i.e., L = 4. The time duration of each video sequence is 30 sec.
We consider the scenario where two BSs are deployed at the University of Waterloo (UW)
campus and sixty users’ initial positions are randomly and uniformly generated around
two BSs, as shown in Fig. 4.8. Each user moves along a prescribed path within the UW
campus at a speed of 2 ~ 5 km/h, and the corresponding channel path loss is obtained by
the propagationModel at Matlab. The main simulation parameters are presented in Table
4.2.

Our BDQN architecture consists of four fully connected layers, transitioning from an
initial state-size input to a layer with 128 nodes. This architecture is split into two streams:
a value stream with a single output and multiple advantage streams, which can produce
a matrix of action advantage values that represents the combination of actions and their
respective choices. To refine the learning process, we integrate a prioritized replay buffer,
which emphasizes learning from experiences with higher predicted errors. The parameter
setting and model structure are presented in Table 4.3.

2ACM MM Grand Challenges: https://github.com/AltransCompetition/Short-Video-Streaming-
Challenge/tree/main/data
3YouTube 8M dataset: https://research.google.com/youtube8m //index.html
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Figure 4.8: The simulation scene, where BSs and users are represented by red and gray
icons, respectively.

Table 4.3: BDQN parameters

Parameter Value Parameter Value
Memory size 5000 Episode length 75
Initial epsilon 1 Discount factor 0.9
Epsilon decay 0.99 Learning rate 0.001
Final epsilon 0.1 Batch size 64
Number of episodes 500 NN layer connection FC
. 512 x 256 x L. i
Hidden layer structure 956 x 198 Activation function ReLu
Advantage stream 128 x 36 Value stream structure 128 x 1
structure

The proposed DA consists of three modules, i.e., status emulation module, data feature
abstraction module, and network decision-making module, implemented in the Python 3.9
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environment. In the DA status emulation module, users’ trajectories are emulated with
the Levy flight model that refers to a random Markovian walk. Based on users’ real-time
trajectories, the real-time channel conditions are emulated by analyzing the channel fading
between users and base stations. Users’ swipe behaviors and preferences are sampled
from the real-world video swipe dataset. In the DA data feature abstraction module, an
improved user clustering method proposed in Chapter 3 is used to abstract the watching
probability distribution of segments. In the DA network decision-making module, the
multicast segment buffering decisions are determined based on abstracted features, and
the proposed data-model-driven method is used to determine the segment version selection
and mini-slot division.

We compare the proposed DA-based network management scheme with the following
benchmark schemes:

e Without DA (WDA) scheme: The segment buffering is based on the sequen-
tial principle. The rebuffering time estimation is based on the service delay and the
sub-multicast groups’ currently total buffered segments. The determination of seg-
ment version selection and slot division employs the same data-model-driven method
proposed in the DA-based network management scheme.

e DA-BB scheme [101]: The segment buffering and buffer update employ the same
principle proposed in the DA-based network management scheme. The scheduling
slot is discretized into 10 mini-slots. Each mini-slot is first provisionally allocated to
each sub-multicast group, and then the corresponding segment version selection is
determined by the branch and bound algorithm. Finally, the mini-slot is ultimately
allocated to the SMG that can obtain the maximum QokE.

e WDA-DRL scheme: The segment buffering is based on the sequential principle.
The rebuffering time estimation is based on the service delay and the sub-multicast
groups’ currently total buffered segments. The joint optimization of segment version
selection and slot division is determined by a novel hierarchical reward-based DDPG
algorithm [113], where the range of segment version selection action is divided into
four parts, i.e., [0,0.25), [0.25,0.5), [0.5,0.75), [0.75, 1], corresponding to the segment
version from low to high. Furthermore, a hierarchical reward is used to accelerate
the algorithm’s training speed. If the constraints can be satisfied, a reward can be
given based on multicast group’s QoE, otherwise, a penalty will be given based on
the violation degrees of constraints.
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Figure 4.9: Convergence performance of proposed DA-based network management scheme.

4.5.2 Convergence Analysis

We analyze the convergence performance of the proposed scheme within 500 training
episodes. As shown in Fig. 4.9, we present the convergence curve of the DA-based network
management scheme. We conducted four training trials to draw the corresponding enve-
lope area and mean curve, where each training trail corresponds to a unique seed for action
exploration and experience replay. Each episode consists of 75 steps, and the corresponding
reward is the average reward for all steps within an episode. It can be observed that as
the number of episodes increases, the reward gradually grows larger. When the number of
episodes approaches nearly 230, the reward converges to a stable state, indicating that the
DA-based network management scheme can achieve a high and stable QoE for users.

4.5.3 Performance Evaluation of QoE Under Different Settings

We present QoE comparison under different users, bandwidths, and computing capacities
among different schemes in Fig. 4.10. Overall, the proposed scheme can achieve superior
performance under different simulation settings.

Fig. 4.10(a) describes the correlation between the number of users and QoE. Based on
the observation, we find that QoE initially increases and then decreases as the number of
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Figure 4.10: QoE comparison under different users, bandwidths, and computing capacities.

users increases due to the mutual influence of multicast segment buffering. Specifically, the
increased users can lead to more users being clustered into one sub-multicast group and
enrich users’ diversity. Initially, the same multicast segments watched by the original users
may gain a better QoE for newly clustered users who have low sensitivity degrees. However,
with the increased number of users, the multicast segments cannot always satisfy users’
differentiated watching requirements, which finally leads to low QoE. The proposed scheme
exhibits a QoE of approximately 1.68 when catering to 26 users, a 5.2% and 17.4% increase
compared to the DA-BB and WDA-DRL schemes, which demonstrates the effectiveness
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Figure 4.11: QoE comparison under different sensitivity degrees.

of the proposed scheme. The spikes and non-smoothness in Fig. 4.10(a) are most obvious
compared to other subfigures mainly due to three reasons. First, with the increasing
number of users, the limited bandwidth and computing resources cannot always guarantee
user QoE is maintained at a high level. Second, since multicast transmission can tolerate a
certain user diversity, it can temporarily increase user QoE by multicasting the same short
video sequences to more users, but eventually decrease user QoE due to increasing user
diversities in sub-multicast groups. Third, since the intervals of the horizontal axis are
relatively small, local fluctuations in QoE may occur; however, these will be less noticeable
if larger intervals are used.

Fig. 4.10(b) presents the QoE variation with the increased bandwidth. The proposed
scheme’s upward tendency in QoE with increased bandwidth implies that it can well adapt
to varying network capacities, which is essential for ensuring service quality during peak
usage times or in bandwidth-constrained environments. When the bandwidth reaches 14
MHz, the proposed scheme achieves a QoE increment of 11.1% compared to the WDA-DRL
scheme, suggesting that the proposed scheme can efficiently utilize available bandwidth to
enhance the user experience.

Fig. 4.10(c) correlates the computing capacity with QoE. The computing capacity di-
rectly influences the transcoding version and the speed for segments to be delivered to
sub-multicast groups. The proposed scheme’s pronounced improvement in QoE with the
increasing computing capacity reflects its ability to leverage additional computational re-
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sources effectively for video transcoding management. Here, the proposed scheme reached
a QoE of around 1.75 with a computing capacity of 12 Geycles/s, which is a significant
16.2% improvement over the WDA-DRL method. This suggests that the proposed scheme
can effectively harness computing power to enhance video quality for QoE improvement.

Furthermore, we present the QoE comparison under different sensitivity degrees among
different schemes in Fig. 4.11. As shown in Fig. 4.11(a), we adjust the sub-multicast
group’s sensitivity degrees of video rebuffering time with the fixed sensitivity degrees of
video quality variation. The parameter A{ includes three elements, i.e., (0.4, 0.3,0.2), which
represents three sub-multicast groups’ sensitivity degrees of rebuffering time, respectively.
The parameter A} also includes three elements, i.e., (0.7,0.6,0.5). While the parameters
A2 and A} are set to (0.3,0.3,0.3) and (0.2,0.3,0.4), respectively. Different settings of
sensitivity degrees of rebuffering time aim at validating the effectiveness of the proposed
scheme in the diversified sub-multicast groups. It can be observed that our proposed scheme
can always achieve the highest QoE with a comparatively tighter range of variance under
different parameters A;. As shown in Fig. 4.11(b), we change the sub-multicast groups’
sensitivity degrees of video quality variation with the fixed sensitivity degrees of rebuffering
time. The parameters A3 and A3 are set to (0.6,0.6,0.6) and (0.5,0.6,0.7), respectively.
Compared with the first error bar, the last two error bars obtain higher QoE values with
similar variance. This is because the last two sub-multicast groups are much more sensitive
to video quality variation and they need to be allocated more bandwidth and computing
resources to guarantee their smooth and high-quality video playback. Therefore, with a
higher weighting factor, sub-multicast groups’ QoE can be effectively enhanced.

4.6 Summary

In this chapter, we have proposed a novel DA-based network management scheme to en-
hance QoE in multicast short video streaming. Furthermore, we have established a multi-
cast QoE model to quantify the impact of multicast segment buffering among sub-multicast
groups. A convex optimization embedded DRL algorithm has been designed to determine
the joint segment version selection and slot division.
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Chapter 5

Adaptive Digital Agent Management
for QoE-Driven Multicast Short
Video Streaming

In this chapter, we propose an adaptive DA-assisted resource management scheme to en-
hance QoE in multicast short video streaming. Particularly, DAs consist of user status
data and data-based models, which can update multicast groups and abstract users’ swipe
features. An adaptive DA management mechanism is developed to adapt to users’ swipe
behavior dynamics. Then, a fine-grained QoE model is established by considering the im-
pact of resource constraints and DA model accuracy, leading to accurate buffer control.
Finally, a joint optimization problem of resource management is formulated to maximize
long-term QoE. To efficiently solve this problem, a diffusion-based DRL algorithm is pro-
posed, which utilizes the denoising technique to improve the action exploration capabilities
of DRL. Simulation results based on a real-world dataset demonstrate that the proposed
DA-assisted resource management scheme outperforms benchmark schemes in terms of
QoE, with improvements of 18.4% and 20.5% under low and high user dynamics, respec-
tively.

5.1 Background and Motivations

In the digital media landscape, short video streaming has become a dominant form of con-
tent consumption, significantly altering global information sharing and consumption. Short
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video platforms like TikTok, Instagram Reels, and Snapchat have revolutionized the media
sector by providing platforms that are tailored for quick, engaging, and often ephemeral
video content. Measuring users’ satisfaction with provided short video streaming services
necessitates an efficient performance metric. QoE, as an essential subjective performance
metric, assesses the overall satisfaction level of a service perceived by end-users, encom-
passing factors such as rebuffer time, video quality, and quality variation [114]. Different
users usually have different sensitive degrees of QoE factors, and these sensitivities change
over time. The well-constructed QoE model can guide efficient communication, computing,
and buffer control management.

Efficient resource management management is crucial for short video streaming services
to enhance user QoE. The tremendous surge in video service requests (global monthly ac-
tive users of platforms like TikTok and Instagram have reached 2.4 billion in 2024') has
posed significant challenges to the limited communication and computing resources in
networks, leading to frequent playback interruptions and fluctuations in video quality, es-
pecially in densely populated areas [115, 116]. To cope with these challenges, multicast
transmission, as a crucial technology in wireless networks, is widely used to allow a single
data stream to be simultaneously distributed to a group of users. By employing multicast
transmission to deliver short videos to users who share similar preferences and locations,
redundancy in video processing and transmission can be effectively reduced, thereby alle-
viating overload on network traffic and computation [78]. However, optimizing multicast
short video streaming with proper bandwidth and power allocation, along with adaptive
user clustering, involves complex resource management problems.

Generative Al (GAI) can help address this by learning and making near-optimal strate-
gies in real time. For instance, it can model network dynamics and user behaviors to assist
efficient resource allocation schemes and user clustering, enhancing transmission through-
put [117]. In computing resource management, GAI can intelligently distribute video
processing tasks to cloud and edge servers, improving processing speed [118]. For buffer
control, it can adjust pre-loaded video data based on network conditions and playback sta-
tus to minimize interruptions [119]. By using GAI to solve complex resource management
problems, user QoE can be effectively enhanced.

To further enhance user QoE, efficient resource management management requires the
real-time perception of user dynamics and the abstraction of user behavior patterns. There-
fore, DA is incorporated into mobile communication networks. DA consists of multiple user
DAs and each user DA corresponds to a physical user. User DAs can record the user status
through data collection and prediction, and analyze the user’s statistical information, such

Thttps:/ /www.searchlogistics.com/learn/statistics/tiktok-user-statistics,/
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as preference and mobility pattern [120]. User DAs can help improve resource manage-
ment management performance in MSVS from three aspects, i.e., personalized QoE model
construction, users’ future state prediction, and users’ behavior pattern abstraction [104].
First, personalized QoE models can reflect users’ sensitive degrees on different QoE fac-
tors that can guide tailored resource management management [90]. Second, users’ future
state prediction of playback status and swipe behaviors can help proactive video segment
buffering, thus mitigating potential playback lags [121]. Third, abstracting users’ behavior
patterns can help update recommended video lists and reserve accurate network resources,
thus alleviating network resource wastage [122].

Designing an efficient DA-assisted resource management management scheme for mul-
ticast short video streaming will face the following challenges.

e Firstly, due to the stochastic nature and spatiotemporal differences in users’ swipe
behaviors, designing an efficient DA management mechanism to characterize and
process the highly dynamic and multi-dimensional user behavior data is challenging.

e Secondly, using a general QoE model that lacks accurate buffer control and rebuffer
time estimation can cause frequent playback lags. It is challenging to construct a
fine-grained QoE model by considering the effect of resource constraints on buffer
update and DA model accuracy on multicast transmission delay estimation.

e Thirdly, since the resource management management problem is usually complex
mixed-integer nonlinear programming, traditional DRL algorithms usually struggle
with highly dynamic environments due to spatiotemporal variation in user behav-
iors, leading to suboptimal performance [123, 124]. Therefore, an improved DRL
algorithm should be developed to solve the complex resource management manage-
ment problem.

In this paper, we propose a novel adaptive DA-assisted resource management manage-
ment scheme for MSVS, which can effectively enhance QoE. The main contributions are
summarized as follows:

e Firstly, we propose an adaptive DA management mechanism to adapt to user be-
havior dynamics. Specifically, a precise measurement model of DA Data Processing
(DAP) is constructed to characterize the relationship among DA model size, user dy-
namics, and user clustering accuracy. The proposed DA management mechanism can
adaptively trigger based on the error and entropy of predicted user status and user
clustering result, respectively. An improved incremental learning method is further
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proposed to improve DA Model Update (DAU) efficiency by neural network growth
and pruning.

e Secondly, we construct a fine-grained QoE model to incorporate the impact of re-
source constraints and DA model accuracy. Specifically, a two-layer segment buffering
principle based on resource constraints is designed to realize accurate buffer control.
The multicast rebuffer time estimation incorporates the impact of DA model accuracy
on multicast transmission. Multicast rebuffer time, video quality, and video quality
variation are determined by resource management management, together constitut-
ing the QoE model.

e Thirdly, we propose a diffusion-based DRL algorithm to solve the joint resource
management optimization problem of bandwidth and computing resource allocation
as well as video segment version selection. Diffusion model adopts the denoising
technique to improve the action exploration capabilities of DRL algorithm. The
extensive simulation results on real-world short video streaming datasets show that
the proposed diffusion-based DRL algorithm can effectively improve QoE compared
with benchmark schemes.

The remainder of this chapter is organized as follows. The system model comprising
adaptive DA management model and fine-grained QoE model are presented in Section 5.2.
Then, the problem formulation and proposed diffusion-based DRL algorithm are shown
in Sections 5.3 and 5.4, followed by simulation results in Section 5.5. Finally, Section 5.6
concludes this chapter.

5.2 System Model

In this section, we first propose a DA-based resource management framework. Then, we
present how to construct DAs and adaptively manage DAs. Finally, we propose a multicast
buffer control method and construct a fine-grained QoE model.

5.2.1 Adaptive Digital Agent-Based Resource Management Frame-

work

As shown in Fig. 5.1, we consider an adaptive DA-assisted multicast short video streaming
scenario, which mainly consists of multiple BSs, users with multicast groups, one edge
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Figure 5.1: Adaptive DA-based resource management framework.

server equipped with a transcoder for video transcoding, multiple user DAs, and one net-
work controller. The network operates in a time-slotted manner. In each real-time schedul-
ing slot, the network controller needs to determine resource management. Communication
and computing resources are periodically reserved for multicast groups, with the interval
between two resource reservation instances known as a resource reservation window. This
window encompasses several scheduling slots. The indexes of scheduling slots and resource
reservation windows are denoted by ¢t € {1,--- T} and N € {1,--- N}, respectively.

e Multicast group: Users within one BS are clustered into multiple multicast groups
based on the similarity of user status, including locations, channel conditions, swipe
timestamps, and video preferences. The users within one multicast group can receive
the same video data through multicast transmission. Video transmission to one
multicast group is on the same frequency band. The user set of multicast group g is
denoted by U, and the number of multicast groups is GG. In each resource reservation
window, multicast group ¢g will be recommended a video list A,.

e Base station: BSs are responsible for transmitting short video sequences to users
through multicast transmission, and collecting user status to update user DA data.
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e Edge server: The edge server owns limited caching capability, which usually stores
popular short video sequences in fast response to users’ requests. The edge server is
equipped with a transcoder, which connects to multiple BSs to transcode short video
sequences into different versions, i.e., in different bitrates.

e Digital agent: A DA consists of multiple user DAs, deployed at the edge server, which
stores users’ status data. The data origins from two aspects, i.e., collected from
physical networks and predicted through a LSTM model. Based on the stored data,
a DAP module in the network controller adopts a user clustering model to analyze
user similarity for accurate multicast group update. The user clustering model is
an autoencoder-based DDQN model proposed in Chapter 1. Running such a user
clustering model may consume plenty of computing resources even if the user status
is relatively static. Therefore, we deploy multiple user clustering models of various
sizes and adaptively select an appropriate one based on user dynamics?. Furthermore,
since the accuracy of LSTM model and user clustering model can gradually decrease
with the evolving user dynamics, we utilize an improved incremental learning method
to assist model update.

e Video transcoding and delivery: Video transcoding uses the SVC technology to
transcode video sequences into multiple versions to adapt to users’ buffer dynam-
ics. Then, transcoded video sequences are delivered to each multicast group through
multicast transmission.

e Network controller: It is deployed at the edge server. On one hand, it decides the
update trigger point and training batches for DA model® update. On the other
hand, it is responsible for real-time resource management for multicast short video
streaming.

The adaptive DA-assisted multicast short video streaming operates as follows. In the
network operation stage, an appropriate user clustering model is first activated to imple-
ment multicast group update. Then, video transcoding and multicast transmission are
started based on real-time resource management from the network controller. A cumula-
tive error detector is used to monitor the accuracy of predicted user status in user DAs
and clustering result in the DAP module. If the cumulative error exceeds a prescribed
value, the network enters the DAU stage. In this stage, DAU is implemented in parallel

2To reduce the computational load of DAs, Al-based modules can be simplified and replaced by model-
based modules.
3We consider three DA models, i.e., LSTM model, autoencoder model, and DDQN model, in this work.
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Table 5.1: Notations and definitions

Notation Definition
VN The user dynamics in resource reservation window N
m; The model size of DA model version i
f(mi,¥n) The clustering accuracy with model size m; and user dynamics ¥y
yr The accuracy of DA model £ at time ¢
oF The average error of DA model £ at time ¢
Tk The per batch training time for DA model £ update
The gap between the current accuracy of model k£ and specified
@ accuracy
® The time duration of overall DAU
Qg Users’ average buffer length in multicast group g at time ¢

The allocated computing resources for DAP, DAU and multicast
group g at time ¢

By, The allocated bandwidths for MG g at time ¢

€ The selected DA model version ¢

!
Vtg

DTP DTU
Ct ) Ct ) Ct,g

The selected segment version [ for multicast group g at time ¢

with video transcoding and multicast transmission. The network controller determines
real-time resource management for video transcoding, multicast transmission and DAU.
When the DAU is completed, the network re-enters the network operation stage.

The main notations and their definitions are listed in Table 5.1.

5.2.2 Digital Agent Construction

The proposed DA is a virtual representation of physical users, containing multiple user
DAs. There exist two kinds of DA data, i.e., networking-related data and behavior-related
data. The former includes users’ channel conditions, which can be utilized to estimate
users’ transmission capabilities. The latter includes users’ locations, swipe timestamps, and
preferences, which can be used to analyze users’ mobility trajectories, swipe probability
distributions, and video popularity. DA data originates from two aspects, i.e., realistic
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Figure 5.2: DA data processing procedure.

user-status data collected from the physical mobile communication network* and predicted
user-status data from the LSTM model. DA data in resource reservation window N consists
of four user-status vectors, i.e., locations, Y y, channel conditions, Hy, swipe timestamps,
Wy, and preferences, Ey. Each user-status vector is collected or predicted with different
time frequencies in user DAs during each resource reservation window.

The proposed DA includes two function modules, i.e., status prediction and feature
abstraction. Specifically, based on collected data from the physical mobile communication
network, DA can conduct status prediction by using the LSTM model, which can effectively
reduce data collection overhead. The output of status prediction module is the predicted
user status for efficient network management. Additionally, DA can abstract accurate
users’ behavior patterns based on the data-driven methods.

5.2.3 Digital Agent Data Processing

As shown in Fig. 5.2, we present a detailed DAP procedure, which uses the same neural
network structure in Chapter 1. The DAP module mainly consists of three parts, i.e.,
autoencoder, DDQN, and K-means++ with probability statistics. Specifically, the au-
toencoder is responsible for compressing time-series DA data into low-dimensional latent
features by learning to encode significant data features. The DDQN analyzes the latent
features to determine the appropriate clustering number in the user clustering model and
output model accuracy by using two neural networks to minimize the overestimation. Here,
the accuracy refers to the probability of the action output in DDQN. Based on the com-
pressed DA data and clustering number, the K-means++ method can realize fast user

4To handle DA data noise and incompleteness, the Kalman Filter and linear interpolation methods can
be used.
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clustering while the probability statistics module can analyze the swipe probability distri-
bution and recommended video list.

In this procedure, the autoencoder and DDQN occupy the majority of computing work-
load due to the hidden neural network layers. Considering the fluctuation of user dynamics,
the light-weight autoencoder and DDQN can be used to process DA data when the user
status is relatively static, which can effectively reduce DAP consumption.

To identify the relationship between DAP model size, user dynamics, and clustering
accuracy, we conduct numerical experiments to fit the mathematical relationship. The user
dynamics, denoted by ¥y, adopts data variation to represent its value, given by:

Yy = 0y var (Hy) + dy var (YY) + d3 var (Wy) + dgvar (Ey), (5.1)

where 1, d2, 03, 04 represent the weighting factors of variations in different user-status vec-
tors for normalization.

To guarantee the flexibility of DAP model, we set three kinds of model versions by
adjusting the number of hidden neural network layers®. The model selection variable
is a binary variable, denoted by e;. If model version 7 is activated, e; = 1; otherwise,
e; = 0. The model size of model version i is denoted by m; in megabytes (MB), which
is mainly determined by the weights and biases in the autoencoder and DDQN as well as
the clustering number and data dimension, denoted by K and d, in the K-means++, as

follows:

J J
_ ¢ C D D
m; = Sp (ijl (wm + bi,j) + ijl (wm + bm‘)) + K xd x Sy, (5.2)
where ng, wfj,bfj, and bEj are the number of weights and biases in a Conv2D and a

Dense layer, respectively. Parameter J and J' are the numbers of Conv2D and Dense
layers, respectively. Here, S, and Sy represent the size of each parameter and data feature,
respectively.

We conduct extensive simulation measurements of user dynamics and clustering accu-
racy under different DA model sizes, as shown in Fig. 5.3. It can be observed that with
the increasing model size and decreasing user dynamics, the clustering accuracy gradually
rises and approaches 1. The quadratic polynomial in the Curve Fitting Toolbox® is utilized

5The number of model versions can be various for different scenarios. We set it as 3 for an example to
demonstrate our idea.
Shttps://www.mathworks.com/help/curvefit /
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Figure 5.3: Data fitting on DA data processing accuracy.

to fit the mathematical relationship” among DA model size, user dynamics, and clustering
accuracy, as follows:

f (mi, n) = Py + Pam; + Psthy + Pam? + Psmithn + Petb, (5.3)

where f (m;,1¥y) is the clustering accuracy with model size m; and user dynamics ¥y

5.2.4 Digital Agent Model Update

Without adaptive parameter adjustment, the LSTM model and autoencoder-based DDQN
model in DA may gradually become inaccurate due to the evolving user dynamics. There-
fore, we use an improved incremental learning method to update DA models in an on-
line manner. Specifically, the incremental learning for the LSTM model update adopts
elastic weight consolidation on newly collected training batches to prevent knowledge for-
getting [125]. In the autoencoder-based DDQN model, the autoencoder integrates new
training data, which is fine-tuned at low learning rates to preserve learned features. The

"In our considered scenario, P; = 0.8246, Py = 3.793 x 107°, P; = —0.2262, P, = —2.044 x 1077,
P5 = 3.931 x 1075, Pg = —0.3294. The coefficient of determination and Root Mean Square Error (RMSE)
are 0.9334 and 0.0326, which indicate that the fitting function has high fitting accuracy.
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Figure 5.4: The procedure of DA model update process.

DDQN model uses experience replay to maintain a buffer containing both new and old
experiences for training.

The incremental learning is utilized to update DA models by using the mini-batch
stochastic gradient descent [126], as follows:

Oprp < 0, — gvet Z L (F (5t+z; 91&) 7yt+z)7 (5-4)

z~Db

where 6; and s; are the neural network parameters and input at time ¢, respectively. Here,
functions £ and F represent the loss function and strategic function, respectively. Here, n
and b represent the learning rate and batch size, respectively. In the DAU stage, multiple
batches are sampled from experience replay to fine-tune DA model. The number of batches
for LSTM, autoencoder, and DDQN model update are set to ni, ng, and ns, respectively.
Assuming that the relationship between model accuracy and training batches is logarith-
mic [127, 128], we construct a model accuracy update method for LSTM, autoencoder, and
DDQN, as follows:

Gk

o, = \I/f + )\k,l In (bknk + >\k,2) , (55)
where index k, ranging from 1 to 3, represents different DA models of LSTM, autoencoder,
and DDQN, respectively. Parameters \;; and Ao represent the logarithmic parameters
for DA model k, which reflect the rate of change in model accuracy as training batches

Icrease.

As shown in Fig. 5.4, DAU consists of multiple batch training. Each batch training
consists of three parts, i.e., feed-forward, back-propagation, and gradient transfer. In the
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gradient transfer, there exist three stages, i.e., network growth for activating connections
with large gradients, network pruning for removing connections with small gradients, and
network update for updating connections. Accordingly, the computation load can be ex-
pressed as

operation + Boperation + goperationa (56)

where Foperations Boperation; ald Goperation represent the computation load of feed-forward,
back-propagation, and gradient transfer operations, respectively. The computation load
of feed-forward operation, Foperation, €quals to that of the back-propagation operation,
Boperation, Which is related to neural network structures, calculated as:

Coperation

‘FLSTM — 4bLSTMp (d H+H2 _}_}1)7

operation
Auto __ 1+ Auto

foperation =b (WGHC + Wdec) ) (57)
DDQN _ . DDQN

Foperation =b ZZ Wia

where p and H represent the sequence length and the number of neurons in the hidden lay-
ers of LSTM model, respectively. Here, Wep., Waee, and W; represent the weight operations
in the encoder, decoder, and DDQN layer i, respectively.

Next, we derive the computation load of gradient transfer operations in the proposed
network growth and pruning mechanism. Specifically, in the network growth stage, the
connections between neurons with large gradients are activated. For connection w, a mask
value is used and set to be 1 when its gradient exceeds the a percentile of the gradient
of overall weight vector Wgraa. We utilize an indicator function to define this operation
on the mask value, i.e., I (|wWgad| > Pra (Wgrad)), where wgyaq is the gradient of connection
w. To guarantee that the newly activated connections can be quickly adjusted in the
direction of reducing loss, the gradient needs to integrate with the current learning rate,
1.e., Warad = 1) - Wgrada- In the network pruning stage, connections of neurons with small
gradients are removed. For connection w, a mask value is used and set to be 0 when its
gradient is below the c¢ percentile of the gradients of overall weight vector, which can be
expressed as

Wgrad < Wgrad * I (|wgrad| > Prc (Wgrad)) . (58)

After network growth and pruning, the network connections are updated, and a gradient
transfer process is completed. During each network pruning and growth stage, assuming
that each weight undergoes addition and multiplication with the same probability, the
computational load, represented by Ggperation, €quals twice the number of network param-
eters.
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Figure 5.5: The procedure of adaptive DTP and DTU.

5.2.5 Adaptive Digital Agent Management

As shown in Fig. 5.5, we propose an adaptive DAU and DAP mechanism. In the network
operation stage, an appropriate DAP model is first activated to implement multicast group
update. Then, video transcoding (VT) and multicast transmission (MT) are started based
on real-time resource management from the network controller. A cumulative error detector
is used to monitor the accuracy of predicted user status and clustering result. If the
cumulative error exceeds a prescribed value, the network enters the DAU stage. In this
stage, DAU is implemented in parallel with video transcoding and multicast transmission.
The network controller determines real-time resource management for video transcoding,
multicast transmission and DAU. When the DAU is completed, a new network operation
stage is started.

We first need to determine when to trigger DAU. Since the output of the LSTM model
is predicted user status, we utilize the average error between predicted user status and
collected one to trigger DAU. The average error is given by

1 ~
QLSTM _ <‘H P
A T A

+ ‘Wtowt — Wyt

+ ‘YtONt — Yot

). (5.9)

+ ’Etowt — Eiyt
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where ty and ¢ represent the beginning and current time in the current resource reservation
window. Vectors Hy ¢, Yignt, Wiget, and Ey ., are collected users’ channel conditions,
locations, swipe timestamps, and preferences from time ¢y to t, respectively. If the average
error exceeds the threshold I'y, the LSTM model is updated using incremental learning.

Similarly, the autoencoder model in the DAP module uses the average error between the
input user status and the reconstructed one to trigger DAU. Finding an adaptive trigger
point for DDQN model update can be challenging since it is hard to obtain a realistic and
optimal user clustering result for error estimation. Since the action probability distribution
of DDQN can reflect the accuracy of decision-making, we utilize its entropy to trigger DAU.
The entropy is given by:

1 t D
CHERRE > P(yy)log P (ury), (5.10)

It toll & 2

where P(y; ;) is the output probability of action j in time ¢, and D is the action dimension.
The update thresholds of autoencoder and DDQN are denoted by I'; and I's.

After determining the adaptive trigger point for DAU, we need to analyze how many
training batches should be used for different DA models. The time duration of DAU is up
to the number of training batches and allocated computing resources for batch training.
The time duration of per batch training for DA model k£ update, denoted by 75, can be
expressed as

operation
DTU )
Ck

B uCE (0 >T%)

Tk (5.11)
where 'y, and p; represent the model update threshold of model k£ and the computing
density for model update. Here, CP?TV is the allocated computing resources for model k
update. Based on Eq. (5.5), we can analyze how many training batches are needed for DA
model £ to increase accuracy gy, i.e.,

qr = /\k:,l In (bkﬁk + /\k,2) 7\V/k S {1, 2, 3} s (512)

where ¢ is the gap between the current accuracy of model k and specified accuracy of
model k. Here, k ranging from 1 ~ 3 corresponds to the LSTM model, autoencoder
model, and DDQN model, respectively, in the constructed DA. By solving this equation,
the number of training batches, ny, for DA model & to obtain ¢, accuracy increase is

ﬁk = ((exp (qk/)\k,l) — )\kyg) /bk—‘ s (513)
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where [.] is the ceiling function.

By combining the number of batches, ng, for DA model k£ update, the time duration,
v, of overall DAU is given by

3 —~
p=) Tk (5.14)

To select an appropriate DA model version to process user status data, DAP activates
in the initial network operation stage in Fig. 5.5. The DA model version selection e; is
based on future user dynamics. The range of user dynamics ¥y is split into three parts,
i.e., [0,0.33k), [0.33k,0.66k), and [0.66x, k], which corresponds to DA model version i from
1 to 3. Parameter  represents the threshold of user dynamics.

5.2.6 Multicast Buffer Control

To guarantee smooth and high-quality video playback, accurate buffer control is necessary,
which includes the number and version of segments to be buffered in scheduling slot ¢. The
buffer control should consider two perspectives, i.e., 1) buffer perspective: buffer minimum
segments to avoid buffer length empty; 2) resource perspective: buffer maximum segments
based on available communication and computing resources.

From the buffer perspective, the number of buffered segments, Atl,g, should guarantee

multicast group g¢’s buffer length is larger than scheduling slot length, 7§, to avoid the
playback lags. Therefore, variable Atl,g is determined by

Aty =Ty = Qug) /X", (5.15)

where @y, and x represent users’ average buffer length in multicast group ¢ at scheduling
slot t and the time duration of one segment, respectively.

From the resource perspective, the number of buffered segments, A?, 4» should guarantee

video transcoding and multicast transmission can be completed in each scheduling slot.
Variable A7 is determined by

i ! Xt,g+1 Z .
> Zge S 0Tminty, < Y T2, Vg EQG,
z=11[=1 uCly _ z=1 [=1 (5 16)
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where zéw, is the file size of segment x of version [ for multicast group g at scheduling slot

t, which adopts the SVC principle [106]. Here, 73, and CAt,g are the estimated transmission
and computing capabilities of user u and multicast group g based on the recent statistical
information. Parameter p3 is the computing density of video transcoding. Here, [ and [
represent the segment version index and average segment version. Since video transcoding
is related to the enhancement layers, the segment version index ranges from 2 to [. Here, o
is the ratio of time occupation between multicast transmission and video transcoding pro-
cesses, which is set to 0.5, because these two processes usually consume almost equal time.
Since Eq. (5.16) consists of monotonically increasing functions, the maximum segment
buffering numbers, denoted by X;, and )N(t,g, can be uniquely determined by increasing
their respective values. To satisfy network resource constraints, we select the smaller one
between Xy, and X, , as the number of buffered segments, i.e., A7, = min{X, 4, X, ,}.

Based on the buffer and resource perspectives, we can determine the segment buffering
number, ie, Ay, = maX{A;g,Af,g}. The above analysis of segment buffering number
depends on the average segment version. To guarantee users’ high-quality video playback,
it is important to determine the segment version selection in each time scheduling slot,

which will be analyzed in the following subsections.

5.2.7 Fine-Grained QoE Model

The fine-grained QoE model consists of multicast rebuffer time, video quality, and quality
variation. The multicast rebuffer time is related to the DAP latency, as well as real-time
video transcoding and multicast transmission latency, and buffer length. The average
multicast rebuffer time of all multicast groups is expressed in Eq. (5.17)

(:U’3 Zl Zx Ullf,gzz{,g,x

C Ctg

)

po Y eim; 1 <
R (Cy, By, vy) = P2 £ T EZ
g=1

+
El Z:}: Ué,gzéygw’v — Qt )] (5 17)
X “ 2 g ) :
; J (eimi; o) min B log <1 + |};\tfo+|1\1f31D>

+

where C; 4 and B, , represent the allocated computing and bandwidth resources for multi-
cast group ¢ in scheduling slot ¢, respectively. To ensure that all users in multicast group
g can receive segments, the transmission capability supported by the worst user channel
condition in multicast group ¢ is selected [108]. In Eq. (5.17), hyy, Pp, Ny, and Ny refer to
user u’ channel gain, transmission power, noise power, and interference power, respectively.
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Parameter ps represents the computing density of DAP. Additionally, Ué ; 1s a binary vari-
able. If segment version [ is selected for multicast group g in scheduling slot ¢, ’ui,g = 1;
otherwise, Ui,g = 0. It needs to satisty

Zl Ullf,g = 17Vt € [tN7tN+1] » g € ga (518)

which can guarantee only one segment version is selected for multicast group g to avoid
repeated video transcoding and multicast transmission. Here, £y, denotes the beginning
time of resource reservation window N + 1.

Furthermore, CP™, CPTV| and C;, are the allocated computing resources for DAP,
DAU and multicast group ¢ in scheduling slot ¢, which have the following constraints:

CcPTP =, Vt € [tn,tn +sn),
SCy =C, Vit € [ty + Svi i1 — @),
g

CPTV 4+ Y2Cry = C, WEE [tnir — o vl
g

(5.19)

where ¢y is the DAP time in resource reservation window N, expressed by the first term
of the right side in Eq. (5.17). If there exists no DAU, the time duration of resource
reservation window N is set to a fixed value, W, otherwise, we can have ty; =t + ¢,
where t3; is the start time of DAU in resource reservation window N. Additionally, @,
is the buffer length of multicast group g, which is updated based on the time length of
downloaded segment, as follows:

. T, i
Q1,9 = [Qt,g — T + min {17 m} At,gX} ) (5.20)
t

where Tt\; and Ttltg represent the video transcoding and multicast transmission delay of

multicast group g in scheduling slot ¢, which are expressed in the first two terms in [.]*

function in Eq. (5.17), respectively. Here, [z]7 equals to max{z,0}. In addition, the
minimization function is used to analyze the ratio of transmitted segments.

SSIM is a common metric to assess video quality by comparing luminance, contrast,
and structural Characteristics The relationship between video bitrate, z, and SSIM, O,
can be depicted as O = 1 — 5= +1 [85], where a higher O means a higher video quality. Based
on this mathematical relationship, the average video quality of new buffered segments in
all multicast groups in scheduling slot t is expressed as

G Atg

221 QZlUththrl (5.21)

glxl
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Based on the video quality in Eq. (5.21), we can further analyze the video quality
variation between adjacent segments in all multicast groups. Since video quality decrease
can have a negative effect on user QoE, we utilize the video quality decrease between
adjacent segments to measure the video quality variation. Specifically, if the video quality
at time ¢ is lower than that at time ¢ — 1, video quality variation, defined by J;, equals to
O;_1 — Oy; otherwise, J; = 0. Therefore, video quality variation can be expressed as

Jy (vi) = [Os—1 (viz1) — Oy (V)] (5.22)

The proposed fine-grained QoE model consists of three parts, i.e., multicast rebuffer
time, video quality, and video quality variation. We adopt a linear weighted function, which
is widely used to integrate these factors [109], to reflect users’ satisfaction with network
management. The constructed QoE model is expressed as

QOEt (Ct, Bt, Vt) = wlOt (Vt> — w2Rt (Ct, Bt, Vt> — w;th (Vt) s (523)

where w;, ws and w3 represent multicast groups’ sensitivity degrees of video quality,
rebuffer time and quality variation, respectively.

5.3 Problem Formulation

Due to multicast groups’ dynamic video requests and swipe behaviors, bandwidth and
computing resources need to be flexibly and accurately allocated to DA operation as well
as video transcoding and multicast transmission, to reduce playback rebuffer time. Fur-
thermore, the versions of transmitted segments should be as high and consistent as possible
to improve video quality and reduce video quality variation. Therefore, the objective is to
maximize multicast groups’ long-term QoE by jointly optimizing bandwidth and comput-
ing resource allocation, as well as segment version selection at each scheduling slot. The
formulated problem P1 is given by

T
1
P1: max lim — Z QoFE; (Ci, By, vy) (5.24a)
t=1

{Ct’Bt7vt}teT T—o0 T

s.t. (5.18), (5.19),
G
E lBtvg <B\VteT,
g:

Cig,CPTY €10,C,Vt € T, g €G,
B,,€[0,Bl,vteT,qg€g,
v, €{0,1},VteT,geG,leL.

5.24b

—~

d.24c¢
5.24d

d.24e

—~

—~
~— ~— ~— ~—

~—~
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Constraint (5.24b) guarantees that the allocated bandwidth resources to multicast groups
do not exceed the network bandwidth limit.

5.4 Proposed Solution

In this section, we first transform the optimization problem into a MDP, and then develop
a diffusion-based DRL algorithm to solve it.

5.4.1 Problem Transformation

Since the formulated problem is mixed-integer nonlinear programming with a complex ob-
jective function, it is hard to directly use a model-based method to solve it. Considering
that the transition of users’ playback status satisfies the Markov properties and the objec-
tive is to maximize the long-term QokE, the optimization problem P1 can be modeled as a
MDP. MDP is a discrete-time stochastic control process, including four essential elements,
i.e., state, action, state transition probability, and reward. At step (scheduling slot) ¢, the
agent, i.e., network controller, makes action a; only based on current state s;. Then, state
s; can be evolve into s;;1 according to state transition probability Pr(s;i1|s¢, a;), which
can obtain reward 7.

The state includes six elements, i.e., user dynamics 1y, multicast groups’ worst channel
gains h;, DA model size m;, DA model accuracy ¥;, DAU time duration ¢;, and multicast
groups’ buffer lengths Q;, which can be expressed as

St = {¢t7 {%t,g}gegu my, \I/ta Pt {Qt,g}geg} . (525)

The action consists of optimization variables, i.e., computing resource allocation vari-
able C;, bandwidth resource allocation variable B;, and segment version selection variable
v;. Since discrete variable v; hardly directly uses a gradient descend algorithm for neural
network training, we relax it to a continuous vector, v;, ranging from 0 to 1. When any
element in vector v, belongs to [0,0.5), the element will be rounded to 0; otherwise, it will
be rounded to 1. Based on the above analysis, the action can be expressed as

a; = {Ct7 Btﬁt}- (5-26)

Furthermore, to guarantee that vectors C; and B; can satisfy the constraints, the output
action of each element in the vectors needs to be normalized.
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Figure 5.6: The proposed diffusion-based TD3 algorithm framework.

The state transition probability is given by

Pr(spy1|se, ar) = Pr (ea]ey) H Pr <%t+1,g|%t,g) Pr (my1|my) Pr (Wi [Wy, Ct)

geg

- Pr (pe11ler, Cr) H Pr(Q141,4|Qt,g: Ct, Be, vi). (5.27)

geg

The equation holds due to the independence of different state components. The first two
components are evolved based on user and channel dynamics. The third component is
evolved based on the adaptive DA mechanism, while the fourth and fifth components are
evolved based on the computing resource allocation. The last component is the evolution
of multicast groups’ buffers based on the resource management decision.

The reward is designed to maximize multicast groups’ QoE in Eq. (5.24a) in step ¢,
which is defined as r; = QoE; (Cy, By, vy).

5.4.2 Diffusion-Based Deep Reinforcement Learning Algorithm

As shown in Fig. 5.6, we have proposed a diffusion-based Twin Delayed Deep Determin-
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istic Policy Gradient (TD3) scheduling algorithm [123] that enhances the actor-network
for resource management. This approach utilizes a diffusion model, which is a method
for gradually introducing variability into the decision-making process. Unlike traditional
techniques that add a fixed amount of noise, the diffusion model adjusts noise levels dy-
namically during action generation. This unique feature enables our algorithm to explore
a wider range of potential actions, potentially discovering superior strategies that standard
methods might miss. Furthermore, the diffusion model’s ability to produce a variety of
actions from the same starting condition enhances the robustness of our scheme.

At each step, the network controller needs to make network decisions based on the
current state s, i.e., mp(a|s). The reverse process of conditional diffusion models is utilized
to modify the actor network. To distinguish the timestamps used in the TD3 training and
the reverse process, we utilize subscripts e € {1,--- , E} to represent denoising steps®.

The reverse process is also known as the sampling process, which can infer target action
ap from a noise sample ap ~ N(0,I). The transition from a, to a._; in state s with network
parameter 6 is defined as py(ae_1|ae, s), which follows a Gaussian distribution, as follows:

p@(ae—1|ae> S) = N <ae—1; #G(CLea €, 5)7 ZO (a'ea €, S)) ’ (528)

where the covariance matrix ) _,(ae, €, s) is determined by S.I. We can parameterize the
noise prediction model as described in [129], where the mean value is expressed as:

to(ae, s, e) = \/% (ae — \/15—%5689(6%, s,e)> , (5.29)

where ¢ is a approximator function. We have a, =1 — 3, and a, = szl ay. The forward
process variance . can be learned by re-parameterization [130] or held as a constant. To
sample a, from pg(ac_i|ae, s), we can have the following relationship:

— \/Loz_e (ae — Vlﬁ—%aeeg(ae, s,e)> + \/E.A, (5.30)

where A satisfies the Gaussian distribution, i.e., A ~ (0,I). When e equals to 1, ¢ is set
to 0 to enhance sample quality. The simplified training loss in [129] is used to train our
conditional e-model, as follows:

Lp(0) =Eer s [lle — co(VAeao + V1 —aee, s,€)]]] . (5.31)

8To decrease the computational load required for diffusion-based TD3 model inference, we can reduce
the number of denoising steps.

97



The training process involves two key components: the actor and the critic networks.
Two critic networks and their corresponding target networks are utilized to mitigate the
overestimation bias and implement a delayed policy update mechanism. Specifically, the
role of critic networks is to evaluate the policy by estimating action-value function Q(s, a).
With two critic networks, Q; and Qs, we can compute the minimum value between these
two critic networks to avoid overestimation. The target networks are updated at a slower
rate using a soft update rule. In contrast, the critic networks are updated by minimizing
the loss calculated from the Mean Square Error (MSE) between the predicted Q-values
and the target Q-values. The target Q-value is computed by using the formula:

Y = Tep1 + VJHZI% O(St41, Ati1; Wz); (5.32)

where + is the discount factor. Here, a;, is the smooth policy that adds the clipped noise,
ie.,
a1 = clip(agy1 + €, [Gmin, Gmax] )- (5.33)

Parameter £ equals to c1ip(N(0,52), [—c, ¢]), which denotes N'(0,5?) is truncated between
—c and ¢. Additionally, w] is the network weight of Q network j at step ¢. The weights of
two critic networks are updated based on MSE, as follows:

Bt

wfﬂ argmln Z sk,ak,wt))Q, (5.34)

W

where B; is the training batch at step t.

In the policy improvement stage for the diffusion-based actor my, the function designated
for actor updates integrates two main components: the policy regularization £p(0) and
the policy improvement £,(6). The Q-value-based policy improvement £,(6) can guide the
diffusion model to prefer the action that is expected to yield a higher Q value. Therefore,
our policy learning objective for actor updates is given by

7 =argmin Lp(0) — & - Egupagmrm, [min Q(s, ag, w’)], (5.35)
To J

where ag is re-parameterized by Eq. (5.30), which allows the gradient of the Q value
with respect to the action to propagate backward through the entire diffusion sequence.
Parameter £ is the weighting factor to balance the influence between the diffusion process
and the actor-critic process. The detailed algorithm procedure of proposed Diffusion-Based
TD3 (DFFTD3) for resource management is presented in Algorithm 4.
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Algorithm 4: Diffusion-Based TD3 (DFFTD3).

1 Input: Bandwidth and computing resource capacities B and C, video bitrate z,

N

w

23
24

25 end

computing density vector p, DA model size m, users’ channel gains H, and the
number of training batches for DAU n;

Output: Network management decision a, including bandwidth and computing
resource allocation B and C, and segment version selection v;

Initialize: Critic networks Q1, Qs and policy my with random parameters wy, wo,
6; Target networks w; <— Wy, W, < W, § < 0; Replay buffer R;

for each episode do

Reset initial state sq;

for each step t € {1,--- ,T} do

Observe current state s and initialize a random normal distribution
ag ~ N(O, I),
for denoising step e = E : 1 do
Calculate the reverse transition distribution based on Eq. (5.28);
Calculate mean value py based on Eq. (5.29);
Calculate the action distribution based on Eq. (5.30);
end
Select action a based on Eq. (5.33);
Execute action a and observe reward r;
Store transition tuple (s,a,r,s") in R;
if ¢ mod F; == 0 (time to update) then
Compute target Q values based on Eq. (5.32);
Update Q-functions based on Eq. (5.34);
end
f ¢ mod F, == 0 (policy delay) then
Update the policy based on Eq. (5.35);
Update target network parameters: W;- —Cw;+(1- C)W;, for j =1, 2,
0« 0+ (1-0)f;

-t

end

end

In Algorithm 4, critical steps include initializing the actor and critic networks at lines
3-4, followed by a loop where the current state is observed and noise is introduced for
diffusion at lines 6-7. The core of the algorithm involves a diffusion process detailed from
lines 8-12, where the action is refined through several denoising steps, calculating the
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reverse transition and mean action values to generate a new action distribution. Actions
are then selected based on the updated policy and executed to observe rewards at lines
13-14. Critically, the network undergoes periodic updates, where Q-functions are updated
every F steps and the policy network every F, steps as specified in lines 16-21.

5.4.3 Time Complexity Analysis

In the training phase, the training time complexity of the diffusion-based TD3 algorithm is
mainly determined by the operations in both critic networks and the actor network with the
diffusion process. Specifically, for a fully connected neural network, the time complexity of
one forward pass is proportional to the number of layers L. and the number of neurons per
layer n.. Since there are two critic networks and each network processes a batch of size B,
the total complexity for updating both critic networks in one iteration is O(2-B - L, - n?).
The actor network involves multiple forward passes to denoise the initial action. Each
forward pass through the actor network has a complexity of O(L, - n?), where L, is the
number of layers and n, is the number of neurons in the actor network. Since the diffusion
process involves e denoising steps, the total complexity for generating actions in the actor

network is O(e - L, - n?). Overall, the total time complexity for one training iteration is

O2-B-L.-n*) + O(e- L, -n?).

In the inference phase, the inference time complexity is primarily driven by the actor
network with the diffusion process, as the critic networks are not used during inference. For
each forward pass through the actor network, the complexity is O(L, - n?). The diffusion
process involves e denoising steps, meaning e forward passes are required. Therefore, the
total inference complexity is O(e - L, - n?).

5.5 Simulation Results

We conduct extensive simulations on the real-world dataset to evaluate the performance
of the proposed adaptive DA-assisted resource management scheme.

5.5.1 Simulation Setup

We consider a scenario where two BSs are deployed at the University of Waterloo campus
to provide multicast short video streaming services for 60 users. Users’ initial distribution

100



. BER

e . Base station

§  43.471382,-80.544716
| X < Antenna height: 20 m
| % e k Surface elevation: 337 m

¢

" ,, | :

AN Qi@ |
| 1 - bl L
D R . OUN R )

Figure 5.7: The simulation scene, where BSs and users are represented by red and gray
icons, respectively.

is shown in Fig. 5.7, moving at speeds of 2 ~ 5 km/h. Their channel path losses are
calculated using propagationModel at Matlab. Users’ swipe behaviors are generated based
on the short video streaming dataset?. We use the YouTube 8M dataset!? to sample 1000
short videos across 8 categories, i.e., Entertainment, Games, Food, Sports, Science, Dance,
Travel, and News. Each video sequence of 30 sec time duration is encoded into 15 segments.
The network parameters are presented in Table 5.2.

The proposed DFFTD3 neural network integrates a diffusion-based actor-network to
generate actions and uses target networks to stabilize the learning process. The critic
networks consist of two separate neural networks designed to estimate the Q-values in
parallel. In the action selection, the trade-off between exploration and exploitation is
considered, with noise added at a given timestep to simulate the reverse diffusion process.
The neural network parameter setting is shown in Table 5.3.

YACM MM Grand Challenges: https://github.com/AltransCompetition/Short-Video-Streaming-
Challenge/tree/main/data
0YouTube 8M dataset: https://research.google.com/youtube8m /index.html
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Table 5.2: Communication network parameters

Parameter Value Parameter Value
B (1.2, 2.2] MHz n 0.001
C [7, 12] G cycles/s b 64
T, 4 sec A11, A2 {0.015, 100}
01 3 x 108 A2,15 A2.2 {0.013, 200}
09 0.4 3.1, A3.2 {0.011, 1200}
03 0.03 w {1.5, 0.4, 1.4}
04 0.01 Ni -100 dBm
1 2 % 107 Ny -174 dBm
L2 1 x 107 Cycles/MB Py 27 dBm
L3 2 x 108 Cycles/MB K 12
a 30 c 5

The constructed DA comprises two modules: 1) status prediction and 2) data feature
abstraction, developed in Python 3.9. The status prediction module uses the Levy flight
model to predict users’ trajectories and analyzes channel fading to predict real-time channel
conditions. It also samples users’ swipe behaviors and preferences from a real-world dataset.
A two-layer LSTM with the activation functions 'tanh’ for the LSTM gates and ’sigmoid’
for the recurrent step is used to make data predictions. At the beginning of each resource
reservation window, the LSTM returns the full sequence of DA status. The learning rate is
set at 0.001, utilizing the Adam optimizer in handling sparse gradients. The loss function
is based on the MSE of DA status data. To combat overfitting, a dropout rate of 20%
is applied to the inputs and the connections within the LSTM layers. The data feature
abstraction module uses a two-stage probability statistics method to abstract the watching
probability distribution.

We compare the proposed adaptive DA-assisted resource management scheme with the
following benchmark schemes:

e Fixed DA Operation-Based (FDA) scheme: The DAU and DAP use the fixed update
frequency and model version. The former is updated every 5 min, while the latter
utilizes the DA model version 2. In each scheduling slot, the resource management
decision is solved by the proposed DFFTD3 algorithm.
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Table 5.3: DFFTD3 algorithm parameters

Parameter Value Parameter Value
Memory size 5000 Episode length 180
Initial epsilon 1 Fowarq Process [1072,0.02]
variance
Epsilon decay 0.99 Noise clip 0.1
Final epsilon 0.05 Denoising steps 10
Number of episodes 500 Neural netwqu layer Dense
connection
. 0912 x 512 x o .
Hidden layer structure 956 x 256 Activation function ReLu
Batch size 128 Policy frequency 2
Actor learning rate 107° Critic learning rate 1074

e Myopic Optimization-based (MOP) scheme [101]: The DAU and DAP use the same
strategies as the FDA scheme. Bandwidth and computing resources are divided
into 10 equal units, respectively. During each scheduling slot, bandwidth units are
sequentially allocated to each multicast group across four segment versions, and com-
puting units are allocated to the DAU and multicast groups. The allocation iteration
yielding the highest QoE determines the combination of bandwidth and computing
resources for a specific segment version.

e Model-based Branch DQN (MBDQN) [131] scheme: The DAU and DAP use the same
mechanism in the proposed adaptive DA scheme. In each scheduling slot, BDQN is
responsible for determining the segment version. The bandwidth and computing
resources are split into 10 equal units, which are allocated to DAU and multicast
groups based on the branch and bound method [132]. The joint resource management
decision is fed back to the MSVS environment to update the BDQN network.

e Hierarchical Reward-based TD3 (HRTD3) scheme [133]: The DAU and DAP use the
same mechanism in the proposed adaptive DA scheme. The action discretization
uses the same principle in the proposed scheme. The reward function is a two-layer
representation, i.e., basic reward and enhanced reward. The former depends on the
violation degrees of constraints, while the latter is based on the objective function.
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Figure 5.8: Convergence performance.

5.5.2 Convergence Analysis

As shown in Fig. 5.8, we present the convergence performance of proposed adaptive DA-
based resource management scheme. Each episode consists of 180 steps, where the time
duration of each step is 4 sec. Two training trials with random seeds 10 and 30 are
conducted to draw the corresponding envelope area and mean curve, where the random
seeds are used for action exploration and experience replay. The reward of each episode is
the average QoE of all steps within its episode. It can be observed that as the number of
episodes increases, the reward gradually grows. When the number of episodes approaches
nearly 260, the reward converges to a stable state, indicating that the proposed adaptive
DA-based resource management scheme can achieve a high QoE consistently.

5.5.3 The Influence of DA Data Processing and Model Update
on QoE

To evaluate the influence of DAP and DAU on QoE performance, we present the real-
time QoE of each step in one episode in Fig. 5.9. Initially, the QoE value remains low
as the DAP conducts multicast grouping and updates the swipe probability distribution
for video list recommendations, which pauses video transcoding and transmission until
DAP completion. Around step 20, the QoE value decreases a lot because the current DA
model cannot capture new swipe behavior patterns. Then, QoE slightly improves but is
disrupted again around step 90 due to changes in swipe behaviors, necessitating another
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Figure 5.9: Real-time QoE in each step.

DAU for precise adjustments. However, QoE is still lower than earlier levels because
increased multicast groups due to diverse user locations and behaviors strain the limited
network resources, thus affecting video quality. Overall, the adaptive DA-assisted resource
management approach can effectively adapt to users’ swipe behaviors to maintain high

QoE.

5.5.4 Performance Evaluation of QoE Components

In this subsection, we evaluate the QoE performance from buffer length, video quality, and
video quality variation.

The Cumulative Distribution Function (CDF) of buffer length for various schemes is
shown in Fig. 5.10(a). The proposed scheme’s buffer lengths mainly range from 4 to
5 sec, with probabilities of approximately from 10% to 90%, while other algorithms extend
up to 6 sec but typically stay between 2 to 4 sec. The proposed algorithm adapts well
to dynamic swipe behaviors and service delay, unlike other schemes which lead to more
frequent buffering. The MOP scheme is least effective, primarily because it uses a fixed
strategy for DAP and model updates that cannot match the dynamic swipe behaviors,
resulting in poor user grouping and video recommendations. Moreover, MOP’s focus on
immediate performance gains causes the uneven segment buffering, resulting in the buffer
length not concentrating at a higher stable level.

As shown in Fig. 5.10(b), we present the CDF of video quality across different schemes.
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Figure 5.10: The performance comparison of different QoE components.

The proposed algorithm consistently delivers video quality between 1.1 and 1.4, surpass-
ing other methods. The FDA algorithm underperforms, generally yielding video quality
between 0.6 to 1.1. This is due to its fixed DAP and model update strategies, which do

not match user preferences, causing frequent swipes and necessitating quick buffering of

lower-quality videos to decrease rebuffering times. In contrast, the proposed resource man-
agement algorithm optimizes QoE holistically, ensuring longer buffer lengths and consistent

video quality, thereby enhancing overall QoE.
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Table 5.4: QoE performance under different user velocities

QoE Proposed FDA MOP MBDQN HRTD3

Low velocities
(25 Knm/h) 0.4649 0.3947 0.3918 0.4382 0.4081
High velocities 0.4317 0.3631 0.3583 0.4022 0.3714

(20~40 Km/h)

As shown in Fig. 5.10(c), we present the CDF of video quality variation for differ-
ent schemes. The proposed algorithm shows significantly lower fluctuations, mainly be-
tween 0.02 and 0.04, indicating a more consistent video quality for users. The HRTD3
and MBDQN schemes follow closely, using a hierarchical TD3 and a model-based BDQN
algorithm respectively, to manage resources more effectively than the traditional MOP al-
gorithm. The outstanding performance of our proposed scheme is due to enhanced action
exploration in DRL, which adapts better to network and user dynamics.

5.5.5 QoE Evaluation Under Different Network Settings

As shown in Fig. 5.11, we evaluate the QoE under different numbers of users, bandwidths,
and computing resources. Fig. 5.11(a) illustrates the QoE performance with the increas-
ing number of users and fixed network bandwidth at 1.2 MHz and computing resources
at 12 Geycles/s. As the number of users increases from 40 to 60, all schemes exhibit
a decreasing trend in QoE, indicating that higher user densities generally degrade ser-
vice quality. However, the proposed solution shows a more gradual decline compared to
the other schemes, indicating its relative robustness in handling user density increases.
Fig. 5.11(b) analyzes the effect of increasing bandwidth on QoE. The proposed scheme
capitalizes on the additional bandwidth more effectively than other schemes. At the max-
imum bandwidth of 2.2 MHz, the proposed scheme exhibits a QoE that is 12.2% higher
than that the MOP scheme. This is because the MOP scheme uses a myopic strategy that
only allocates as many bandwidth resources to the user group that can obtain the best
QoE in the current time slot. Fig. 5.11(c) explores how varying computing resources affect
QoE. At the highest computing resource allocation of 12 Geycles/s, the proposed scheme
achieves a QoE that is 44.7% superior to that of the worst scheme. This dramatic improve-
ment highlights the proposed solution’s efficiency in leveraging additional computational
power to enhance data processing and ultimately improve the overall user experience.

Table 5.4 presents a comparative analysis of QoE under low and high user velocities
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Figure 5.11: The performance of QoE under different settings.

(40 Km/h speed limit in the campus area). In the low user dynamics scenario, the proposed
scheme exhibits superior performance with a QoE of 0.4649, outperforming other schemes.
Notably, the MBDQN scheme is the closest competitor with a QoE of 0.4382. In high
user dynamics scenarios, the proposed scheme maintains its lead with a QoE of 0.4217,
indicating its robustness and effectiveness even under more dynamic conditions. From
the low to high user velocities, although the proposed scheme experiences performance
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degradation, its QoE performance is still higher than the baseline scheme (MOP) with
18.4% and 20.5%, because the proposed DA data processing and model update mechanism
can well adapt to user dynamics.

5.6 Summary

In this chapter, we have proposed an adaptive DA-assisted resource management scheme
to maximize long-term QoE in multicast short video streaming. Specifically, we have
designed an adaptive DAP and DAU mechanism to adapt to user behavior dynamics.
Furthermore, we have established a fine-grained QoE model that considers the impact of
resource constraints and DA model accuracy. A diffusion-based DRL algorithm has been
proposed to determine the joint resource management decision.
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Chapter 6

Conclusions and Future Works

In this chapter, we summarize the main results and contributions of this thesis and present
our future research directions.

6.1 Main Research Contributions

In this thesis, we have investigated DA-based resource management schemes to enhance
user QoE in multicast networks for short video streaming services. First, in the large
timescale, we developed a DA-based resource reservation scheme by incorporating the
impact of user swipe behaviors and QoE models to make tailored resource reservations.
Then, in the small timescale, we developed a DA-based resource allocation scheme that
can emulate user buffer dynamics for accurate segment buffering to enhance user QoE.
Last, an adaptive DA management scheme is proposed to adapt to user behavior dynamics
to improve resource utilization for user QoE enhancement. The main contributions of this
thesis are summarized as follows.

e A DA-based resource reservation scheme has been proposed to enhance user QoE as
well as reduce resource consumption. Firstly, we design a user DA-assisted resource
reservation framework. Specifically, user DAs are constructed for individual users,
which store users’ historical data for updating multicast groups and abstracting useful
information. The swipe probability distributions and recommended video lists are
abstracted from user DAs to predict bandwidth and computing resource demands.
Parameterized sigmoid functions are leveraged to characterize multicast groups’ user
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satisfaction. Secondly, we formulate a joint non-convex bandwidth and computing
resource reservation problem which is transformed into a convex piecewise problem
by utilizing a tangent function to approximately substitute the concave part. A
low-complexity scheduling algorithm is then developed to find the optimal resource
reservation decisions. The work can be applied to analyze the user behavior pattern
and integrate its impact on resource management in interactive media scenarios.

A DA-based resource allocation scheme has been developed to enhance user QoE.
Firstly, user status emulated by the DA is utilized to estimate the transmission capa-
bilities and watching probability distributions of sub-multicast groups for adaptive
segment buffering. The sub-multicast groups’ buffers are aligned to the unique virtual
buffers managed by the DA for a fine-grained buffer update. Then, a multicast QoE
model consisting of rebuffering time, video quality, and quality variation is developed,
by considering the mutual influence of segment buffering among sub-multicast groups.
Finally, a joint optimization problem of segment version selection and slot division is
formulated to maximize QoE. To efficiently solve the problem, a data-model-driven
algorithm is proposed by integrating a convex optimization method and a deep rein-
forcement learning algorithm. The work can contribute to the physical entity buffer
dynamics analysis on the network side for tailored content caching.

An adaptive DA-assisted resource management scheme has been proposed to enhance
user QoE. Particularly, DAs consist of user status data and data-based models, which
can update multicast groups and abstract users’ swipe features. An adaptive DA
management mechanism is developed to adapt to user swipe behavior dynamics.
Then, a fine-grained QoE model is established by considering the impact of resource
constraints and DA model accuracy, leading to accurate buffer control. Finally, a joint
optimization problem of resource management is formulated to maximize long-term
QoE. To efficiently solve this problem, a diffusion-based DRL algorithm is proposed,
which utilizes the denoising technique to improve the action exploration capabilities
of DRL. The work can address the challenges of customized resource management in
scenarios with high user dynamics.

In summary, this thesis has investigated resource management in multicast networks for
short video streaming in three aspects: swipe behavior-aware resource reservation, buffer
dynamics-based resource allocation, and behavior dynamics-driven DA management. All
three research issues in this thesis have explored the nature of network dynamics, and
we have proposed tailored resource management strategies to enhance user QoE. The pro-
posed approaches and theoretical analysis can provide valuable guidelines for implementing
multicast short video streaming in 6G networks.
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6.2 Future Research Directions

Although the proposed framework can effectively facilitate experience-centric network or-
chestration and slicing to improve user QoE, there still exist many open research issues.
For the future research, there are some interesting and promising research directions listed
as follows:

e Efficient Multi-modal DA Data Collection and Generation: To construct and main-
tain level-one and level-two DAs, it is imperative to collect multi-modal data such
as user behaviors, network performance metrics, and environmental contextual in-
formation. However, these data are inherently heterogeneous, encompassing various
formats and update intervals, leading to high communication overhead in traditional
network settings. To alleviate this issue, semantic communication can be employed
to reduce the amount of data transmitted. By extracting and transmitting only the
semantic essence, the communication load is significantly decreased while preserv-
ing the information necessary for DA maintenance. Furthermore, generating these
multi-modal data in real-time introduces considerable computational overhead, even
though DAs are deployed on edge and cloud servers. To address this challenge,
lightweight data generation models such as knowledge distillation can be utilized to
reduce computational costs.

e Scalable Two-level DA Deployment and Migration: Level-one DAs are typically de-
ployed on edge nodes close to users to facilitate low-latency and real-time interactions,
while level-two DAs are usually hosted on central nodes to leverage powerful com-
putational resources for extensive data processing. However, due to the diversity
of terminal services and varying user demands, selecting appropriate nodes for de-
ploying these two-level DAs is crucial for enhancing processing speed and reducing
latency. An effective deployment solution involves a dynamic node selection mech-
anism that considers factors such as service requirements, network conditions, and
node capabilities. By analyzing these factors, the system can assign level-one and
level-two DAs to optimal nodes within a hierarchical edge-cloud architecture, thereby
optimizing resource utilization and performance.

e Efficient Resource Management for DA Operation: Although DAs can efficiently pro-
cess networking data to improve network management performance, the maintenance
of DAs is equally important, which consumes substantial communication, caching,
and computing resources. This is attributed to voluminous networking and user data
storage, as well as resource-intensive DA models for network status emulation, fea-
ture abstraction, and network decision-making. Since the limited network resources
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need to cater to both users’ service requests and DA operation, it is imperative to
accurately quantify the impact of DA operation on QoS and QoE. Based on the
quantified result, the network resource scheduling for both DA operation and users’
service requests can be more tailored to further improve QoS and QoE. By integrating
real-time user feedback loops and Al-based predictive analytics, DAs can dynamically
optimize network resource management to meet diverse user requirements.

In summary, while the proposed framework provides a solid foundation for experience-
centric resource management, future research should focus on enhancing data collection ef-
ficiency, optimizing DA deployment strategies, and improving resource management mech-
anisms. By addressing these challenges, the 6G networks can become more adaptive,
scalable, and efficient, thereby further improving user QoE in increasingly complex and
dynamic network environments.
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Appendix A

When the variable a is determined, the opposite objective function in the minimization
problem can be expressed in Eq. (1).
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then the last term of Eq. (1) can be transformed into
- + = +
wodg (max { [21(8,) = @) [2 (8) - &) }).

Since the second derivative of functions =;(f5,) and =5(f,) are positive values, i.e.,

5215(5 2 >0, 5225(6 o) > 0, they are convex functions. Then, we need to prove the convexity

of function v, (/Bg) = [:1 (ﬁg) — qg] and %(59) = [:2 (ﬁg) - qg}
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Consider an arbitrary value 6 € (0,1), and arbitrary values (3,1, and 3,2, we have

V1(0B8g1 + (1 —0)By2)
= max{Z; (0841 + (1 — 0)By.2) — 45, 0}
< max{0=1(8g1) + (1 — 0)=1(By2) — @2, 0}
< Omax{Z;(fy1) — a(g), 0}
+ (1 — 0) max{Z1(8,2) — ng, 0}
= 091(By,1) + (1 — 0)1(By,2)- (2)

Therefore, the function v;(5,) is convex. The same validation method can be applied to
Y2(By) and max {11 (8,), ¢¥2(By)}. Therefore, the component wyA, 1 (max {¢1(5,), ¥2(5y)})
is convex. Since the first two terms of the first line of Eq. (1) are constant, they do not
affect the convexity of the transformed objective function. Therefore, function T, (a,*, 5,)

A~

is convex. For functions T, (ag*, By) with different g, they have an identical domain and
are mutually independent with each other, so their summation is also a convex function.
Based on the above analysis, the transformed objective function is convex.
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