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Abstract
Digital twin (DT) is revolutionizing the emerg-

ing video streaming services through tailored 
network management. By integrating diverse 
advanced communication technologies, DTs 
are promised to construct a holistic virtualized 
network for better network management per-
formance. To this end, we develop a DT-driven 
network architecture for video streaming 
(DTN4VS) to enable network virtualization and 
tailored network management. With the archi-
tecture, various types of DTs can characterize 
physical entities’ status, separate the network 
management functions from the network con-
troller, and empower the functions with emulated 
data and tailored strategies. To further enhance 
network management performance, three poten-
tial approaches are proposed, i.e., domain data 
exploitation, performance evaluation, and adap-
tive DT model update. We present a case study 
pertaining to DT-assisted network slicing for short 
video streaming, followed by some open research 
issues for DTN4VS.

Introduction
Video streaming services have evolved dra-
matically, transitioning from simple on-demand 
platforms to sophisticated and real-time interactive 
systems. A statistics report shows that the global 
video streaming market size was valued at $89 
billion in 2022, and is expected to grow at a com-
pound annual growth rate of 21.5% until 2030 
[1]. Emerging video streaming services, including 
intelligent short video streaming, extreme immer-
sive virtual reality (VR), and holographic video 
streaming, demand tailored network management 
to satisfy users’ personalized requirements [2]. 
For instance, by adding multiple video branches 
and view angles, intelligent short video stream-
ing emphasizes the interaction with users, which 
is triggered by the users’ swipe and rotation 
behaviors. To satisfy smooth video playback 
while reducing bandwidth consumption, com-
munication networks should accurately mine the 
preferences and behavior characteristics of users 
for better intelligent video caching. Furthermore, 
extreme immersive VR and holographic video 
streaming aim at providing high-fidelity three-di-
mension (3D) object display and immersive 
experience, which demand efficient coordination 
between sensing, video tile transmission, video 

rendering, and specialized video codecs. To sat-
isfy these evolving requirements, efficient network 
management through advanced communication 
technologies becomes an imperative endeavor.

Advanced communication technologies, such 
as enhanced mobile broadband (eMBB)-Plus, 
native artificial intelligence (AI), sensing, network 
slicing, and digital twin (DT), are expected to sat-
isfy the above requirements [3], [4]. For instance, 
eMBB-Plus can provide gigabit-level data rates 
and seamless connections, while native AI enables 
intelligent data processing and decision-making. 
Moreover, sensing-related techniques facilitate 
real-time 3D object modeling, and network 
slicing is used to isolate network resources for 
prescribed service requirements. To seamlessly 
integrate these technologies for video streaming 
services, a holistic network management archi-
tecture is essential. As a promising approach, DT 
can realize the holistic network virtualization for 
video streaming services by exploiting its real-time 
monitoring, analytics, and emulation capabilities. 
Specifically, DTs can characterize users’ real-time 
status, quality of service (QoS), and quality of 
experience (QoE) through native AI and sens-
ing, and provide an emulation environment for 
network management by implementing tailored 
network slicing and resource allocation policies 
on eMBB-Plus. By leveraging the capabilities of 
DTs, an efficient holistic network management 
architecture for video streaming services can be 
realized.

However, developing an efficient DT-driven 
network architecture for video streaming services 
faces many challenges, such as
•	 Lack of Efficient Data Abstraction Mecha-

nism: An efficient data abstraction mecha-
nism should be developed to facilitate the 
real-time and intricate interplay among DTs, 
slice domain, and physical domain, which 
includes the determination of data types, 
granularities, and features.

•	 Lack of Comprehensive Performance Evalua-
tion Framework: Since the DT performance 
consists of two-fold aspects, i.e., the accu-
racy and cost of itself, and its impact on 
network performance, it is crucial to devel-
op a new and comprehensive performance 
evaluation framework to evaluate the DT 
performance.

•	 Lack of Adaptive DT Model Update: Due to 
the distinct spatiotemporal dynamics that 
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exist in network conditions and user behav-
iors, as well as diversified service require-
ments, it is essential to fine-tune tailored 
DT models to adapt to the dynamics and 
diversity.
In this article, we propose a DT-driven network 

architecture for video streaming (DTN4VS) to 
enable network virtualization and tailored net-
work management. Three kinds of DTs, i.e., user 
DT (UDT), infrastructure DT (IDT), and slice DT 
(SDT), are built to characterize the network from 
the user-level, operation-level, and service-level 
perspectives, respectively. DTs can provide dis-
tilled user information, emulated environment, 
and tailored network management strategies to 
realize efficient network management. To tackle 
the mentioned challenges, we first propose an 
efficient data collection, fusion, and abstraction 
mechanism. Secondly, we propose a comprehen-
sive performance evaluation framework, which 
integrates DT data freshness, QoS/QoE gain, 
and DT operation cost. Thirdly, we propose an 
adaptive DT model update method that integrates 
distributed and transfer learning algorithms to 
realize computing load balance and computing 
overhead reduction. A case study pertaining to 
DT-assisted network slicing for short video stream-
ing is presented, followed by a discussion on 
potential research issues.

The remainder of this article is organized as 
follows. Firstly, emerging video streaming services 
and the corresponding communication techniques 
are discussed, followed by the proposed DTN4VS. 
Then, we discuss the challenges for DTN4VS and 
some potential solutions. Next, a case study about 
DT-assisted network slicing for short video stream-
ing is presented. Finally, the open research issues 
are identified, followed by the conclusion.

DT-Driven Network Architecture for Video 
Streaming

In this section, we first introduce emerging video 
streaming services and advanced communication 
technologies, and then the DTN4VS architecture 
is proposed.

Emerging Video Streaming
Various innovative video streaming is emerg-
ing, including intelligent short video streaming, 
extreme immersive VR streaming, and holographic 
video streaming, which poses enhanced require-
ments on communication networks, as shown in 
Table 1.

1) Intelligent Short Video Streaming: It has 
two main characteristics, i.e., rotation-based swipe 

and multi-branch. The former indicates that the 
short video streaming will be extended from the 
current two-dimension (2D) format to 3D format, 
thus users can watch different angles through 
rotation-based swipe behaviors. Video tiles are 
selectively transmitted to user terminals based on 
the analysis of users’ swipe behaviors to reduce 
network traffic load. The latter means that more 
video branches will be added to the main video 
storyline to boost users’ interaction. Part of critical 
video branches are preferentially cached in users’ 
buffers to save bandwidth consumption.

2) Extreme Immersive VR Streaming: It pro-
vides immersive and interactive experience by 
transmitting real-time 3D videos and audio to spe-
cialized headsets or mobile devices. Since future 
VR streaming is expected to provide a panoramic 
view and ultra-high-definition resolution, field of 
view (FoV) transmission is an effective method to 
reduce the transmission burden. Furthermore, the 
latency requirements of extreme immersive VR 
are very stringent, reaching just tens of millisec-
onds. It is essential to develop advanced sensing 
technologies to quickly capture users’ dynamic 
behaviors, and optimize the computing process 
for video rendering.

3) Holographic Video Streaming: It refers to 
the 3D holographic content transmission, which 
usually requires the sensing-assisted communica-
tion technology to perceive users’ behaviors and 
conduct 3D object modeling. Due to the ultra-low 
delay and strong interaction, high-performance 
computing nodes are needed to quickly compress 
and render the holographic video. For instance, 
to swiftly respond to users’ movements in the six 
degrees of freedom (6-DoF), the end-to-end delay 
needs to be lower than 5 ms [5].

Advanced Communication Techniques for Video Streaming
In the rapidly evolving landscape of emerging 
video streaming, advanced communication tech-
niques, such as eMBB-Plus, native AI, sensing, 
network slicing, and DT, can offer groundbreak-
ing solutions to satisfy enhanced requirements, 
including personalized video buffering, ultra-
low-latency interaction, and smooth 3D video 
transmission.

1) eMBB-Plus: As a cornerstone technology, 
eMBB-Plus is designed to provide higher band-
width capacity, wider access coverage, and 
smarter caching and computing, which can 

Video Type Characteristics Video Codec Bandwidth Requirements Latency Requirements Component

Intelligent Short 
Video

•	 Swipe
•	 Multi-Branch

H. 264, MPEG 4K: 45 Mbps Several Seconds
Segments, 3D
Tiles

Extreme Immersive 
VR Video

•	 Interactive
•	 Viewpoint
•	 Rendering

X3D, MPEG-I [6]
•	 8K: 80 ∼ 100 Mbps
•	 30K: 800 ∼ 1000 Mbps

•	 Strong Interaction Mode: 5 ∼ 10 ms
•	 Weak Interaction Mode: 10 ∼ 20 ms

2D/3D Tiles

Holographic Video
•	 Interactive
•	 3D Modeling
•	 Rendering

HEVC, AV1, VP9 4K: 100 Mbps
•	 6-DoF Movement: 5 ms
•	 3-DoF Movement: 20 ms

3D Tiles

TABLE 1. Emerging video streaming services.

DTs can provide distilled user information, emulated environment, and tailored network management 
strategies to realize efficient network management.
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effectively improve network throughput and 
reduce rebuffering.
•	 For intelligent short video streaming, eMBB-

Plus can provide efficient distributed video 
caching and collaborative transcoding 
strategies to ensure seamless delivery of 
ultra-high-definition (UHD) video segments.

•	 For extreme immersive VR streaming, 
eMBB-Plus can provide the increased fre-
quency band and exploit more advanced 
modulation and coding techniques to 
ensure the smooth transmission for high-bi-
trate 3D videos.

•	 In holographic video streaming, since 
3D modeling occupies plenty of comput-
ing time, eMBB-Plus will provide more 
advanced data offloading and collabora-
tive computing mechanisms to help reduce 
computing delay.
2) Native AI: As a built-in component in 

next-generation communication networks, native 
AI is promised to provide more intelligent data pro-
cessing and resource management strategies [7].
•	 For intelligent short video streaming, graph 

neural networks (GNNs) can model the 
complex relationship between users and 
contents to enable more personalized and 
context-aware video recommendations and 
buffering.

•	 For extreme immersive VR streaming, deep 
reinforcement learning (DRL) algorithms 
can accurately allocate network resourc-
es and distribute video tiles to adapt to 
users’ dynamic behaviors for smooth video 
playback.

•	 In holographic video streaming, convolu-
tional neural networks (CNNs) can be 
employed for efficient data compression 
and semantic extraction, significantly reduc-
ing bandwidth consumption while maintain-
ing a high fidelity.
3) Sensing: It can capture users’ real-time 

macro and micro behaviors to help tailor network 
management for individual users.
•	 For intelligent short video streaming, 

advanced facial recognition sensors can 
capture users’ micro-expressions, which are 
further analyzed by machine learning algo-
rithms for intelligent video recommenda-
tions and buffer control.

•	 In extreme immersive VR streaming, com-
munication and sensing signals can be mul-
tiplexed in the time, frequency, and spatial 
domains to improve spectrum utilization. 
For instance, IEEE 802.11 working group 
proposed the Wi-Fi sensing technology to 
exploit the features of the physical layer and 
medium access control, which can measure 
users’ motion in real time [8].

•	 For holographic video streaming, efficient 
radio spectrum allocation and advanced 
beamforming technologies can effectively 
improve both data transmission reliability 
and holographic video resolution [9].
4) Network Slicing: Empowered by technolo-

gies such as software-defined networking (SDN) 
and network function virtualization (NFV), net-
work slicing can provide isolated resources for 
emerging video streaming services to satisfy the 
differentiated requirements [7].

•	 For intelligent short video streaming, network 
resources can be sliced to support real-time 
analysis of video content and user behaviors, 
thereby enabling intelligent video recommen-
dation and adaptive video delivery.

•	 In the realm of extreme immersive VR, spe-
cialized slices can be constructed for high-per-
formance sensors and computing nodes to 
satisfy ultra-low-latency requirements.

•	 For holographic video streaming, dedicated 
slices can guarantee high bandwidth and 
computing requirements, facilitating real-
time and high-fidelity 3D interactions.
5) Digital Twin: It is defined as a digital rep-

resentation of a physical object or a process and 
real-time synchronization between the physical 
object or process [10]. DT is usually classified into 
three types, i.e., UDT, IDT, and SDT, deployed at 
the core network and network edge nodes.
•	 UDT corresponds to an end user that 

reflects its fine-grained information, such 
as network conditions, playback status, 
and interaction behaviors, etc. UDTs can 
emulate user status to help the network 
controller (NC) make tailored resource man-
agement strategies.

•	 IDT is a digital mirror of network infrastruc-
ture, such as a base station (BS) or an edge 
server, which reflects its operation status, 
traffic load, resource utilization, etc. IDTs 
can separate the resource operation func-
tion from the NC and empower the function 
with emulated data and tailored strategies.

•	 SDT is constructed by aggregating UDTs 
and IDTs to obtain coarse-grained distilled 
information, such as spatiotemporal service 
demand distribution, resource utilization, 
etc. By separating the resource planning 
function from the NC, SDTs can strengthen 
the function’s capability with emulated data 
and tailored strategies.
Based on fine- and coarse-grained information 

and tailored network management strategies via 
DT, customized network resources are allocated 
to users to enhance user experience.

DTN4VS
To seamlessly integrate these emerging technolo-
gies, as shown in Fig. 1, we develop a DTN4VS 
framework to enhance video streaming service 
performance. The physical domain includes real-
world video streaming infrastructures, while the 
slice domain leverages network slicing for pre-
scribed QoS. The DT domain provides real-time 
digital replicas for data analytics, emulation, and 
network management decision-making, where 
an orchestration among UDTs, IDTs, and SDTs is 
intelligently coordinated to facilitate efficient net-
work management.

1) Physical Domain: In the physical domain, 
the proposed DTN4VS meticulously integrates 
user terminals, radio access networks (RANs), 
edge networks, and cloud networks to build a 
holistic video streaming ecosystem. User termi-
nals are not merely endpoints for video delivery 
but are also equipped with advanced codec 
technologies and adaptive bitrate (ABR) algo-
rithms for efficient data exchange with RANs. 
The RAN layer consists of small BSs (SBSs) 
and macro BSs (MBSs) that employ advanced 
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communication technologies, such as eMBB-
Plus and sensing, to support high-throughput 
and high-fidelity video transmission. Edge net-
works provide localized computing and caching 
capabilities for latency-sensitive video streaming, 
while cloud networks handle large-scale video 
processing and storage. These elements col-
lectively form the backbone of our framework, 
and through real-time resource scheduling and 
optimization in the DT domain, we can achieve 
holistic network management.

2) Slice Domain: Network slicing emerges 
as a pivotal technology for guaranteeing QoS 
requirements. A single physical network can 
be partitioned into multiple isolated slices to 
satisfy differentiated service requirements. For 
instance, one slice could be optimized for 
low-latency and interactive VR video stream-
ing, while another might target high-throughput 
holographic video streaming. Each slice consists 
of a unique set of network resources, policies, 
and protocols, which can enable tailored con-
trol over network resources. Through intelligent 
orchestration in the DT domain, these slices 
can be dynamically adjusted to meet varying 
resource demands, thereby achieving a harmo-
nious balance between resource utilization and 
service quality.

3) DT Domain: In the DT domain, each 
kind of DTs consists of a finite database and a 
model pool. For instance, the database of UDTs 
includes users’ playback-related, network-related, 
and behavior-related data. These data can reflect 
users’ actual watching process, and be analyzed 
to fine-tune native AI models, such as long short-
term memory (LSTM), recurrent neural network 
(RNN), and CNN, etc., to emulate and predict 
user status, and abstract distilled features. As a 
crucial hub connecting UDTs and SDTs, IDTs can 

further aggregate UDTs’ data to obtain some 
global information that can be provided to SDTs 
for slice adjustment. Furthermore, IDTs are respon-
sible for interacting with the physical domain and 
slice domain, such as adaptive data collection fre-
quency and resource management strategies, etc.

A Processing Procedure Example for Short Video
Take the short video slice as an example, the 
processing procedure is shown in Fig. 2. UDTs 
store users’ historical status information, including 
channel conditions, locations, swipe timestamps, 
and preferences, etc. The data stored in UDTs are 
analyzed by embedded models to emulate user 
status, such as swipe behaviors, and abstract some 
essential user features, such as swipe probability 
distribution. In the small timescale, the emulated 
user status and abstracted user features are trans-
ferred to IDTs, integrated with network topology 
and performance metrics to emulate network 
operation status and design tailored resource allo-
cation algorithms. The resource allocation policy 
will be delivered to the NC and then implemented 
on the access points to facilitate real-time video 
transmission. In the large timescale, the emulated 
network operation status and system performance 
are further transferred to SDTs to abstract global 
network information for the slicing policy adjust-
ment. The slicing policy will be delivered to the 
NC and then implemented on the access points 
to reserve resources.

Research Challenges and Solutions
To realize the proposed DTN4VS, some research 
challenges need to be addressed.

Efficient Data Abstraction From Physical Domain
1) Challenge: Intuitively, addressing the com-
plex interplay among the physical domain, slice 

FIGURE 1. DTN4VS framework.
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domain, and DT domain requires an efficient data 
abstraction mechanism. Since DTs need to be 
updated to guarantee accuracy, how to auton-
omously identify the types and granularities of 
collected data is crucial. To enhance the network 
management level, it is imperative to clarify what 
specific insights and optimizations that DTs can 
provide. Furthermore, the development of effi-
cient algorithms for real-time data collection is 
essential, especially in ultra-low latency extreme 
immersive VR scenarios.

Taking user behavior data as an example, 
we encounter several challenges. Initially, user 
behavior data, such as swipe, likes, subscribe, 
favorites, comments, etc., constitutes a complex 
user profile. It is challenging to determine the 
importance of different user behavior data and 
the data update frequency for maintaining UDTs. 
Additionally, since user behavior data is multi-di-
mensional, it is challenging to discern which data 
dimensions can be effectively fused, and which 
user behavior patterns can be extracted to assist 
network management. Finally, user movement in 
VR scenarios spans from macro gestures like head 
and hand motions to micro shifts in viewpoint, 
which requires a well-designed data abstraction 
algorithm to realize data synchronization with low 
communication overhead.

2) Solution: To address the complex inter-
play among different domains, an efficient data 
collection mechanism can be first developed, 
which relies on data importance and distribution 
to adjust the collected data type and granular-
ity. Then, since network performance is usually 
closely related to a part of network status, a metic-
ulously designed data fusion mechanism can be 
developed to abstract some distilled features 
from network status to facilitate network manage-
ment. Finally, a lightweight semantic abstraction 
algorithm can be developed to capture users’ real-
time behaviors and network conditions, which 
can help reduce transmission overhead and guar-
antee real-time responsiveness.

Similarly, taking user behavior data abstraction 
as an example, we can first employ the principal 
component analysis technique to analyze which 
data types have a strong relationship with net-
work performance, and make an adaptive data 
collection granularity based on data distribution 
variation. For data having strong statistical char-
acteristics, DT can generate them through the 
emulation module with high fidelity. Then, metic-
ulously designed machine learning algorithms, 
such as autoencoders and transformers, can be 
leveraged to abstract and predict user behavior 
patterns, such as swipe probability distributions in 
short video streaming and region of interest (RoI) 
in VR streaming. Finally, some lightweight feature 
abstraction algorithms, such as shallow visual 
geometry group (VGG) and vision transformers 
(ViT), can be embedded into Internet of Things 
(IoT) sensors to abstract user behavior information 
for transmission in real time with low computing 
overhead.

Comprehensive Performance Evaluation Framework
1) Challenge: The development of a compre-
hensive performance evaluation framework is 
crucial for effectively assessing DT performance 
in network management. Such a framework 
should integrate a diverse and adaptable set of 
key performance indicators (KPIs) to analyze DT 
performance. Traditional KPIs such as latency, 
throughput, and buffering time may not be suf-
ficient to capture the multi-faceted nature of 
DT performance, which includes not only net-
work metrics but also user behavior and QoE. 
The integration of machine learning algorithms 
for predictive analytics, real-time data synchro-
nization between the physical network and its 
DT, and edge computing for low-latency data 
processing adds layers of complexity to perfor-
mance evaluation. Additionally, the dynamic 
nature of video streaming, characterized by 
fluctuating bit rates, stochastic video requests, 
and user interactivity, requires KPIs to be robust 
and sensitive to these f luctuations. Further-
more, the KPIs must be adaptable to different 
network architectures and technologies, rang-
ing from traditional content delivery network 
(CDN) to next-generation communication 
infrastructures. Therefore, the challenge lies in 
developing a comprehensive performance eval-
uation framework that can holistically evaluate 
DT performance, taking into account the intri-
cate interplay among the physical domain, slice 
domain, and DT domain.

2) Solution: To address this gap, a novel KPI, 
termed holistic DT value, is introduced, denoted 
by V. From the perspective of DT itself, data 
freshness [11] and model operation cost are very 
important metrics to optimize the synchroniza-
tion between DTs and physical entities. From the 
perspective of DT impact, resource management 
gains, such as QoS and QoE, directly reflect the 
impact of DTs on service quality and watching 
experience. We refer to the utility function con-
struction method, where service delay, energy 
consumption, and revenue constitute the com-
prehensive performance metric to optimize 
the communication, caching, and computing 
resource management in vehicular networks [12]. 
Therefore, the new KPI should integrate the key 

FIGURE 2. DT-assisted short video streaming processing procedure.
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metrics to provide a holistic view of network per-
formance, which is expressed as:

	 V f Q C A P S L R L= ⋅










 + ⋅ − ⋅α β γ


( , , , , ) ( ) � (1)

where α, β, γ are weighting factors. Here, f and F 
represent the data collection frequency and data 
freshness, respectively. Function, Q, represents 
the traditional KPIs, such as QoS and QoE, which 
is related to communication resource scheduling 
matrix C, caching resource scheduling matrix A, 
computing resource scheduling matrix P, sensing 
resource scheduling matrix S, and data abstrac-
tion level L. In the actual network optimization, 
we can select a part of resource scheduling deci-
sions as the joint optimization variables to avoid 
dimension curse. Here, function R reflects the DT 
model operation cost related to its data abstrac-
tion level L, which can be quantified based on 
the model structure analysis.

Adaptive DT Model Update
1) Challenge: Unlike static models, DTs must 
continuously evolve to reflect actual changes in 
both network conditions and user behaviors. This 
requires sophisticated machine learning algo-
rithms capable of processing large data volumes 
in real time, possibly leveraging collaborative 
cloud-edge computing mechanism embedded 
with distributed learning for the low-latency 
DT model update. Moreover, the dynamics of 
video streaming, characterized by fluctuated bit 
rates, diverse content types, and user interac-
tivity, also add the complexity of the DT model 
update. Techniques such as DRL or generative 
adversarial networks (GAN) can facilitate effi-
cient decision-making and network emulation 
[13], but come with their own challenges, such 
as the requirement of extensive training data 
and computing resources, and the risk of model 
overfitting. Furthermore, since users’ network 
conditions, behaviors, and preferences own cer-
tain similarities, DTs can exchange part of data 
and learn models from each other to evolve 
together. This demands an efficient learning algo-
rithm design with low computational overhead. 
Therefore, the challenge lies in developing adap-
tive DTs that can adapt to highly dynamic and 
complicated video streaming services.

2) Solution: To effectively tackle the intricate 
challenge of developing adaptive DT models for 
emerging video streaming services, a multi-lay-
ered solution that integrates distributed learning 
and transfer learning is put forth. In a hybrid 
cloud-edge computing architecture, distributed 
learning algorithms are employed to facilitate 
model split and parallel computing. The archi-
tecture allows DTs to parallelly process seamless 
network-related data and user-specific behav-
ior data, which can effectively reduce service 
latency. Additionally, transfer learning can be 
particularly effective when exploiting similarities 
between different DTs. For instance, a model 
trained on one DT that has successfully been 
adapted to certain network conditions and user 
behaviors can be fine-tuned for another DT with 
similar conditions. This approach capitalizes on 
the inherent similarities between different DTs 
to quickly adapt to new scenarios, eliminating 
the requirement for extensive retraining and 

thereby reducing computing overhead. More-
over, a feedback loop mechanism can also be 
used to refine DT models, where real-time per-
formance data are used to continuously refine 
the data processing algorithms and ensure that 
DT models remain accurate and effective in the 
face of evolving network dynamics and service 
diversity.

Case Study: DT-Assisted Network Slicing for 
Short Video Streaming

In this section, a case study is provided on DT-as-
sisted network slicing, aimed at improving the 
system utility consisting of user satisfaction and 
resource consumption.

Considered Scenario
We consider a DT-assisted multicast short video 
streaming (MSVS) network, which consists of 
two BSs, an edge server (ES), and sixty UDTs. 
Bandwidth and computing resources are sliced 
(or reserved) for each multicast group to guar-
antee QoS requirement. Each UDT corresponds 
to an individual user consisting of a finite data 
pool and a data analysis function. Specifically, in 
each UDT data pool, we first simulate the user’s 
trajectory within the University of Waterloo (UW) 
campus with differentiated speed, and the user’s 
real-time channel condition is generated based 
on propagationModel at Matlab. Then, we 
employ the real-world dataset1 to simulate the 
user’s swipe timestamps and preference on the 
sampled YouTube 8M dataset.2 The data analysis 
function investigates the user’s swipe timestamps 
to obtain a swipe probability distribution for 
each video type. After the construction of UDTs, 
a DRL-based user clustering algorithm is imple-
mented to cluster UDTs into different multicast 
groups. UDTs’ swipe timestamps and preferences 
are used to abstract the swipe probability distri-
bution and recommended video list for accurate 
bandwidth and computing resource demand 
prediction in each multicast group. Based on 
the predicted information, the NC can make 
appropriate bandwidth and computing resource 
reservation strategy for each multicast group to 
enhance the system utility.

We propose a hybrid data-model-driven solu-
tion, where UDTs’ data are analyzed by the 
DRL-based user clustering algorithm to update 
multicast groups, and the resource reservation 
problem is transformed into a convex problem 
to obtain the optimal solution [14]. For perfor-
mance comparison, we adopt two schemes, i.e., 
1) heuristic solution, where multicast groups are 
updated based on users’ preferences and loca-
tions, and bandwidth and computing resource 
reservation is based on historical video traffic dis-
tribution; 2) optimization-based solution, where 
multicast groups are updated based on the den-
sity-based spatial clustering of applications with 
noise (DBSCAN) algorithm, and resource reser-
vation is based on the branch- and bound-based 
scheduling algorithm.

1 ACM MM Grand Chal-
lenges: https://github.com/
AItransCompetition/Short-
Video-Streaming-Challenge/
tree/main/data. 
 
2 YouTube 8M dataset: 
https://research.google.
com/youtube8m/index.html.

A case study is provided on DT-assisted network slicing, aimed at improving the system utility 
consisting of user satisfaction and resource consumption.
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Simulation Results
1) Simulation Settings: We emulate two BSs at 
the UW campus and users’ initial positions are 
randomly and uniformly generated around two 
BSs. Each user moves along a prescribed path 
within the UW campus at a speed of 2∼5 km/h. 
The transmission power and noise power are 
set to 27 dBm and -174 dBm, respectively. 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 has a duration of 15 
sec and is encoded into four versions by the H. 
265 encoder. The detailed simulation setting can 
be found at [14].

2) Performance Analysis: As shown in Fig. 3, 
we present user satisfaction comparison with the 
help of box plot. It can be observed the proposed 
scheme can achieve the highest user satisfac-
tion with the lowest f luctuation, because the 
DT-based user clustering algorithm can well mine 
users’ intrinsic correlation to accurately update 
multicast groups, while the convex optimiza-
tion algorithm can make the optimal resource 
reservation strategy based on the updated mul-
ticast groups to enhance user satisfaction. The 
reason why user satisfaction fluctuates is due to 
users’ time-varying resource demands and lim-
ited network resources. Finally, we present the 
resource consumption comparison in Fig. 4. It 
can be observed that the proposed solution can 
achieve lower median, third-quartile, and maxi-
mum values compared with other schemes. Our 
proposed scheme demonstrates superior perfor-
mance with relatively minimal variations, while 
the heuristic scheme exhibits a larger fluctuation.

Open Research Issues

Efficient Coordination of DT Modules
As an efficient data management platform for 
video streaming services, the coordination of 
DT modules directly influences network perfor-
mance. Specifically, the development of real-time 
synchronization mechanisms among different 
DT modules is crucial for ensuring that all com-
ponents are operated based on the latest data, 
thereby enhancing network responsiveness and 
DT accuracy. Furthermore, the establishment 
of standardized communication protocols is 
essential for seamless interoperability among dif-
ferent modules, facilitating a unified and effective 
system architecture. Lastly, the design of adap-
tive algorithms that can dynamically allocate 
resources among modules based on real-time 
performance analysis and emulation is vital for 
optimizing resource utilization. Therefore, it 
is crucial to develop an efficient coordination 
mechanism of DT modules to improve network 
performance.

Closed-Loop Network Management
To realize a sustainable and continuously evolving 
network for video streaming services, it is essential 
to construct an internal and external closed-loop 
network management system. Internally, UDTs, 
IDTs, and SDTs are mainly responsible for user 
status analysis, network emulation, and network 
slicing, respectively. For instance, UDTs analyz-
ing users’ high-frequency interaction behaviors 
could prompt the SDTs to reserve more resources, 
validated by the IDTs, which can create a self-reg-
ulating loop for optimal performance. Externally, 
DTs continuously monitor the physical network’s 
status and provide useful information for network 
management. The physical network feeds back its 
actual performance data to update DT data and 
models. Hence, constructing a closed-loop net-
work management system requires efficient data 
exchange, network emulation, data synchroniza-
tion, and model update.

Security and Privacy of DT
While much of the current research primarily 
emphasizes the constructions of UDTs, IDTs, and 

FIGURE 4. Resource consumption comparison.

FIGURE 3. User satisfaction comparison.

Hence, constructing a closed-loop network management system requires efficient data exchange, 
network emulation, data synchronization, and model update.
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SDTs to enhance video streaming services, there 
exists a notable oversight in addressing the issues 
of DT security and privacy protection. From the 
perspective of users, the urgency of data privacy 
escalates within the DTN4VS framework. Particu-
larly, not only content service providers but also 
NCs need to gather sensitive user data, such as 
video preferences and locations, and the unique 
data collection model intensifies the complexity of 
effective data privacy regulation. Furthermore, the 
creation of DTs mandates collaboration amongst 
various stakeholders, which requires them to con-
tribute their own data and analytic models [15]. 
Thus, establishing trust in such a distributed envi-
ronment and protecting both data and AI model 
security poses significant challenges. Although 
current privacy-preserving techniques such as dif-
ferential privacy, secure multi-party computation, 
and homomorphic encryption, offer potential 
solutions, they mandate further exploration for 
efficiency enhancements and tailored strategies.

Conclusion
We have proposed the DTN4VS to realize holis-
tic network virtualization for emerging video 
streaming services. Specifically, DTN4VS aims to 
seamlessly integrate eMBB-Plus, native AI, sens-
ing, and network slicing through DTs to achieve 
efficient network management. It can further sep-
arate the resource management functions from 
NCs and empower the functions with emulated 
data and tailored strategies, which can reduce the 
centralized computation burden and enhance net-
work robustness. To supplement the DTN4VS’s 
functionality, we have proposed a data impor-
tance-based abstraction mechanism, a holistic 
DT performance evaluation metric, and a distrib-
uted transfer learning algorithm, respectively. A 
case study has been presented, and some open 
research issues have been provided for accelerat-
ing the pace of DTN4VS development.
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