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Abstract
In this article, we present a digital agent 

(DA)-assisted network management framework 
for future sixth-generation (6G) networks con-
sidering user quality of experience (QoE). A 
novel QoE metric is defined by incorporating the 
impact of user behavioral dynamics and environ-
mental complexity on quality of service (QoS). 
A two-level DA architecture is proposed to assist 
the QoE-driven network slicing and orchestra-
tion. Three potential solutions are presented from 
the perspectives of DA data collection, resource 
scheduling, and DA deployment. A case study 
demonstrates that the proposed framework can 
effectively improve user QoE compared with 
benchmark schemes.

Introduction 
As fifth-generation (5G) networks approach maturity 
and widespread deployment, both industry and aca-
demia are turning their attention to the sixth-gener-
ation (6G) wireless networks. The 6G is anticipated 
to support an unprecedented diversity of services 
with significantly increased service demands, driving 
the evolution toward experience-centric networking 
[1, 2]. Quality of experience (QoE), as a subjective 
performance metric, can reflect the user satisfac-
tion level on networking services [3]. Different users 
usually have differentiated QoE model structures 
and parameters [4]. Therefore, QoE-driven network 
management is essential to meet the diverse and 
personalized user requirements in 6G networks.

The digital agent (DA) concept emerges as 
a promising avenue to advance QoE-driven net-
work management in 6G networks. A DA is an 
intelligent proxy of a physical entity on the net-
work side, which is expected to perform efficient 
behavior emulation and data analytics for cus-
tomized network management. Unlike traditional 
digital twins in manufacturing [5], which focus 
on simulation and monitoring, DAs in communi-
cation networks enhance network management 
capabilities by modeling network behaviors and 
analyzing intrinsic network features. Existing auto-
mation capabilities in communication networks, 
such as analytics services and decision-making 
functions, typically operate under the assumption 
that information about network behavior is readi-
ly available within these functions [6]. 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 dynamics. This information 
is particularly valuable in use cases involving the 
measurement of user satisfaction with network 
services. By integrating predictive analytics and 
QoE modeling, DAs are expected to contribute 
to a user-specific QoE-driven network manage-
ment framework.

However, achieving the user-specific QoE-driv-
en network management framework faces techni-
cal challenges. Firstly, traditional QoE models are 
learned offline and do not account for the impact 
of real-time user behaviors and environmental fac-
tors. Therefore, how to efficiently construct and 
update comprehensive QoE models for individual 
users on the network side is worth studying. Sec-
ondly, due to the diversity in QoE models and the 
heterogeneity of user statuses, purely data-driven 
or model-driven methods often struggle to quickly 
and accurately allocate network resources to indi-
vidual users to achieve satisfactory QoE. There-
fore, it is essential to develop an efficient and 
tailored network orchestration strategy. Thirdly, 
existing network slicing strategies mainly focus on 
resource demand estimation based on quality of 
service (QoS) rather than QoE, which can some-
times lead to a mismatch between actual resource 
demands and reserved network resources. There-
fore, developing an adaptive network slicing strat-
egy from the perspective of QoE is essential to 
address this issue.

In this article, we propose a novel DA-assisted 
network management framework to enhance user 
QoE in future 6G networks. The key contributions 
are summarized as follows:
•	 Comprehensive QoE modeling: We introduce 

a new QoE metric that integrates dynamic 
user behaviors and environmental complexity 
into traditional QoS-oriented approaches to 
provide an accurate and personalized mea-
sure of user satisfaction.

•	 Two-level DA architecture: We propose a 
hierarchical DA architecture to facilitate 
QoE-driven network orchestration and slicing. 
Level-one DAs handle user-specific QoE mod-
eling, resource demand prediction, and tai-
lored network orchestration, while level-two 
DAs abstract resource demand distribution 
and make adaptive slice adjustments.
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•	 Performance evaluation: We present a case 
study of a video streaming scenario to 
demonstrate the effectiveness of the pro-
posed framework. The experiment results 
show that our DA-assisted framework can 
notably improve user QoE as compared to 
benchmark schemes.
The remainder of this article is organized as 

follows. The next section reviews the preliminar-
ies of QoE-driven network management. We then 
describe the proposed two-level DA-assisted frame-
work. A case study evaluating the framework’s 
performance is presented following that. Then we 
discuss research challenges and potential solutions, 
and in the final section, conclude this work.

Preliminaries of QoE-Driven Network Management
User QoE

User QoE is a multifaceted metric for evaluating 
communication network performance from the 
user’s perspective, encapsulating the overall sat-
isfaction when interacting with network services 
[7]. As summarized in Table 1, user QoE is influ-
enced by a combination of objective and subjec-
tive factors:
•	 QoS: Network performance metrics such as 

delay and packet loss directly impact the 
responsiveness and reliability of services. For 
example, maintaining network jitter below 
30 ms and latency under 10 ms is critical for 
real-time interactive services to avoid QoE 
reduction.

•	 Emotion: User emotional states, including joy, 
calm, sadness, anger, surprise, fear, and dis-
gust, can influence their perception of service 
quality. For instance, a frustrated user may 
perceive network issues more negatively than 
a content user.

•	 Device: The type of devices, for example, 
smartphone, tablet, computer, and gaming 
console, affects the user’s experience due to 
variations in processing power, display quality, 
and user interfaces.

•	 Scenario: The context in which the service is 
accessed, such as at home, in the workplace, 
on the move, or in public spaces, can alter 
network conditions and user expectations, 
thereby influencing QoE.

•	 Application: Different applications, including 
social media, entertainment, office productivity, 
and e-commerce, have varying performance 
requirements and user expectations, which 
play a significant role in the perceived QoE.

•	 Environment: The complexity and dynamics of 
the environment affect user QoE. In a high-
ly complex and dynamic environment, users 
usually require higher QoS to maintain service 
performance. For example, augmented reality 
(AR) users in a complex environment usually 
require more computing resources for video 

rendering to guarantee high-definition video 
playback. Users on high-speed trains usually 
need more data caching on their devices to 
avoid service interruption. Therefore, prop-
er response to the environmental context is 
essential for enhancing user QoE.
By integrating these factors, network operators 

can better understand diverse user requirements 
and make tailored network management strate-
gies to enhance user QoE.

Network Resource Management for QoE Enhancement
The advent of 6G networks brings unprece-
dented opportunities and challenges in network 
resource management aimed at enhancing user 
QoE. Different from the previous generations, 
6G networks are expected to support ultra-high 
data rates, massive connectivity, ultra-reliable and 
low-latency communications (URLLC), intelligent 
networking capabilities, and advanced sensing 
functions [1]. Effective management of communi-
cation, computing, caching, and sensing resourc-
es becomes imperative to meet these demands. 
This subsection explores how 6G networks can 
enhance user QoE through resource manage-
ment in these four critical areas.

Communication Resource Management: Effi-
cient communication resource management is 
foundational for optimizing QoE in 6G networks. 
By leveraging new spectrum bands, such as in 
terahertz frequencies, and advanced technolo-
gies like massive multiple-input multiple-output 
(MIMO), 6G networks will achieve ultra-high data 
rates essential for bandwidth-intensive applica-
tions. This enhancement directly impacts user 
QoE by enabling services like holographic com-
munications and immersive virtual reality, pro-
viding seamless and high-quality experiences. 
Intelligent spectrum management utilizing AI-driv-
en algorithms allocates frequency bands based 
on real-time demand, network conditions, and 
QoE requirements of users [8] in a dynamic man-
ner. This approach ensures efficient spectrum uti-
lization and interference reduction, which can 
improve user satisfaction. Moreover, URLLC is 
used to meet stringent latency and reliability 
needs, which is critical for applications involving 
both user interactions and device communica-
tions, thus enhancing overall QoE.

Computing Resource Management: Com-
puting resource management in 6G networks 
will be characterized by the integration of edge 
intelligence, distributed computing, and AI capa-
bilities to meet the demands of compute-inten-
sive applications. Pervasive edge computing with 
native AI brings computational resources and 
decision-making close to users, which can effi-
ciently orchestrate computation tasks between 
devices, edge servers, and cloud servers [9]. This 
enhancement improves user QoE by providing 
responsiveness in real-time applications, such 

TABLE 1. Influencing factors of user QoE

User QoE

QoS Emotion Device Scenario Application Environment

Dealy, throughput, 
packet loss, jitter, etc.

Joy, calm, sadness, 
anger, surprise, fear, 
disgust, etc.

Smartphone, 
tablet, computer, 
gaming console, 
etc.

Home, workplace, 
mobile, public, etc.

Social media, 
entertainment, 
office, e-commerce, 
etc.

Complexity, 
dynamics
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as AR and gaming. Distributed computing and 
federated learning allow collaborative process-
ing and model training without centralized data 
aggregation [10]. This approach improves QoE 
by enabling devices to learn from shared models 
while preserving privacy and reducing communi-
cation overhead.

Caching Resource Management: Cach-
ing strategies in 6G networks can be enhanced 
through intelligent content distribution and stor-
age management, aiming to reduce latency and 
improve data availability for users. Semantic and 
proactive caching stores semantically significant 
content and data at the network edge based on 
predictive analytics [11]. For users, this ensures 
that relevant information is readily available, 
enhancing QoE by reducing access delays and 
buffering times. Utilizing distributed ledger tech-
nologies like blockchain for caching ensures data 
integrity, security, and transparency, enhancing 
user trust and ensuring that devices operate with 
reliable and secure data. Edge caching with AI 
optimization uses algorithms to optimize caching 
decisions by learning content popularity patterns, 
user preferences, and device data needs, reduc-
ing backhaul traffic and access latency.

Sensing Resource Management: 6G net-
works integrate advanced sensing capabilities 
with communication functions, enabling the 
networks to perceive and interpret the physi-
cal environment [1]. Efficient sensing resource 
management involves coordinating sensory data 
collection, processing, and dissemination to sup-
port context-aware services and intelligent deci-
sion-making [12]. For users, enhanced sensing 
means improved experiences in services such as 
immersive AR and personalized applications that 
adapt to the user environment and context, there-
by enhancing QoE.

A Digital Agent-Assisted Network Management 
Framework

Framework Overview

As shown in Fig. 1, we propose a DA-assisted net-
work management framework to improve user 
QoE. The left part is the physical networks, con-
sisting of space and air networks and ground net-
works. Specifically, the ground networks utilize a 
cloud-edge-end architecture to distribute comput-
ing and storage resources close to users, which 
can optimize data processing and reduce latency 
for user QoE enhancement. The space and air 
networks are utilized to extend network cover-
age to remote and underserved regions, provide 
high-speed data backhaul, and ensure seamless 
connectivity across diverse geographic areas. The 
right part is the proposed two-level DAs. Particu-
larly, level-one DAs, mainly deployed at the edge 
server, are utilized to emulate user behaviors and 
environment changes and to maintain user QoE 
models for experience-centric network orchestra-
tion. On the other hand, level-two DAs, mainly 
deployed at the cloud server, abstract resource 
demand distribution from level-one DAs to facil-
itate experience-centric network slicing. Local 
controllers at base stations or edge nodes handle 
real-time network orchestration, while centralized 
controllers in data centers manage long-term net-
work slicing. In the proposed framework, URLLC 
can be used for reliable DA data collection, and 
tailored scheduling algorithms are developed to 
solve complex resource management problems.

Digital Agent
The knowledge of how the network behaves or 
will behave is the new value provided by DAs that 
can understand and model the behaviors of the 

FIGURE 1. DA-assisted network management framework.
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network. Network behavior is a broad concept 
that includes both user behavior and operational 
behavior of a network infrastructure. Therefore, 
we propose a two-level DA architecture to ana-
lyze user behaviors and contextual information 
to construct user-specific QoE models for experi-
ence-centric network management.

Level-one DA is a virtual representation 
of an individual user, which records its ID, ser-
vice requests, QoS, experience level agreement 
(ELA), and contextual information. Compared 
with service level agreement (SLA), ELA serves 
as a threshold for the constructed QoE model 
to obtain a satisfactory network service experi-
ence [7]. Specifically, user ID and service requests 
are utilized to differentiate QoE models for differ-
ent network services. The QoS, including service 
delay, throughput, jitter, and packet loss, are used 
to measure objective service quality. User contex-
tual information, such as mobility, emotion, and 
environment, are analyzed to emulate user behav-
iors and environment dynamics. Mobility reflects a 
user’s location trajectory, while emotion, such as 
service satisfaction level, influences user behavior, 
such as engagement level. Based on the informa-
tion, a comprehensive QoE model is established. 
In the network orchestration process, users are 
clustered into different groups based on their QoE 
model structures, where tailored resource sched-
uling algorithms are designed to solve specific 
QoE optimization problems. Furthermore, the 
established QoE models are integrated with ELAs, 
user behaviors, and environment dynamics to esti-
mate user resource demands in a network slicing 
window determined by level-two DAs.

Level-two DAs aggregate user information 
from level-one DAs to abstract two distilled infor-
mation, that is, resource demand distribution and 
network dynamics. The abstracted information 
of network dynamics should be utilized to adjust 
the network slicing window, which is fed back to 
the resource demand estimation module in lev-
el-one DAs. Compared with traditional QoS-based 
resource demand estimation, user QoE models 
in level-one DAs are used to estimate which and 
how many network resources are required to 
improve user QoE, which can better reflect user 
actual demands. The abstracted resource demand 
distribution, network slicing window, and current 
virtualized network resources are inputted to 
network slicing optimization problems, solved by 
data-driven, model-driven, or combined methods 
to adjust network slices.

In a scenario with high user density, edge 
resources can be dynamically allocated, and 
workload can be redistributed across multiple 
edge servers coordinated by level-two DAs. To 
adapt to changing mobility patterns, predictive 
models in level-one DAs can enable proactive 
resource allocation.

Level-One DA-Assisted Network Orchestration
To facilitate experience-centric network orchestra-
tion, level-one DAs are utilized to construct and 
update comprehensive QoE models for individual 
users, estimate resource demands for level-two DAs, 
and make tailored network orchestration strategies.

Comprehensive QoE Model Construction and 
Update: In this subsection, we will introduce how to 
construct a comprehensive QoE model in a level-one 

DA and an adaptive QoE model update method.
QoE Factor Formation: As shown in Fig. 2, 

to determine the relationship between QoE and 
factors such as QoS, behavioral dynamics, and 
environmental complexity, users’ feedback data 
over a specific period are stored and analyzed 
in level-one DAs. The data, such as engagement 
time, content quality, and accuracy, are utilized to 
estimate the mean opinion score (MOS), which 
can provide a quantitative measure of overall 
QoE experienced by users [13]. Subsequently, 
the average values of QoS, behavioral dynamics, 
and environmental complexity during the ana-
lyzed period are integrated with the QoE scores 
to constitute a multivariate vector. This vector is 
then input into the distance correlation coefficient 
(DCC) analysis to identify which factors signifi-
cantly correlate with QoE. The DCC, ranging 
from 0 (no correlation) to 1 (perfect correlation), 
quantifies the strength of the relationship [14]. 
Finally, the mathematical relationship is modeled 
by inputting QoE and its correlated influencing 
factors into numerical fitting methods.

User Behavior and Environment Emulation: 
Level-one DAs, primarily deployed on edge com-
puting servers, leverage advanced predictive algo-
rithms such as finite state machines (FSMs) and 
recurrent neural networks (RNNs) to emulate user 
behavior effectively. These models utilize con-
textual information of users to simulate actions 
and responses in dynamic network environments. 
Additionally, sophisticated scene generation 
algorithms, like generative adversarial networks 
(GANs), are used by level-one DAs for environ-
mental modeling and simulating operational sta-
tus. Monte Carlo simulations are used to predict 
changes in complex and varying network environ-
ments. By emulating both user behavior and envi-
ronmental changes, user QoE models can reflect 
user realistic resource demands.

Comprehensive QoE Model Establishment: 
To accurately reflect the realistic satisfaction of 
users with network services, a comprehensive QoE 

FIGURE 2. QoE factor formation.

T0 T1 TK-1 TK

E0 EK-1 EK-1

Engagement time, content 
quality, accuracy, etc.

MOS

Delay

Time0

D0

QoS

Behavioral Dynamics

Time

B0

Environmental Complexity
0

0 Time

C0

Delay

Time0

DK-1

QoS

Behavioral Dynamics

Time

BK-1

Environmental Complexity
0

0 Time

CK-1

QoE Factor 
Formation

Distance Correlation 
Coefficient

Average QoSs, Behavioral Dynamics & 
Environmental Complexity

Average QoEs

Authorized licensed use limited to: University of Waterloo. Downloaded on February 17,2026 at 23:44:35 UTC from IEEE Xplore.  Restrictions apply. 



IEEE Communications Magazine • February 202670

model is essential. This model integrates three key 
components: QoS, behavioral dynamics, and envi-
ronmental complexity. As shown in Eq. 1, a com-
prehensive QoE model for each user is constructed 
by integrating the impact of user behavior and 
environment on the objective QoS metric.

E = S  I(B, C),		  (1)

where E and S represent QoE and QoS, respective-
ly. Function I(B, C) is the impact function, which 
quantifies how behavioral dynamics B and envi-
ronmental complexity C influence QoS. The struc-
ture and parameters of the impact function can be 
obtained through data-fitting methods. Equation 
1 is developed for customized resource manage-
ment. For example, if a user utilizing the AR service 
remains relatively stationary and the surround-
ing environment is simple, the QoS requirement 
can be more relaxed, leading to lower resource 
demand. By using Eq. 1, user contextual informa-
tion is integrated into the QoE model to enable 
customized resource management.

Adaptive QoE Model Update: The adaptive 
QoE model update mechanism is essential for 
experience-centric network management. Since 
level-one DAs can emulate future user behaviors 
and environment, the changes in emulated user 
behavior patterns and environmental complexi-
ty are assessed to determine whether to trigger 
the QoE model update. The update focuses on 
two key components: QoE model factors and their 
corresponding weights. The relevance of various 
factors is evaluated through the DCC analysis to 
identify which factors are currently most influential. 
This ensures that the QoE model remains sensitive 
to the most pertinent aspects of the user experi-
ence. Concurrently, the weights of these factors 
are optimized using data fitting techniques, aligning 
the model more closely with the observed trends 
and predictions derived from DA emulations.

The constructed QoE models can not only 
capture the impact of environmental factors but 
also indirectly account for user emotion to enable 
tailored resource allocation strategies.

QoE-Based Resource Demand Prediction: 
As shown in Fig. 3, we propose a QoE-based 
resource demand procedure. Here, the resource 
demands of users are estimated in a slice win-
dow determined by level-two DAs, since ELA 

reflects users’ long-term experience require-
ments. The network resources, including com-
munication, computing, caching, and sensing 
resources, are integrated with emulated network 
dynamics and complexity in a slice window to 
constitute each user-specific QoE model. The 
constructed QoE model and ELA are then input 
to the network resource minimization problem, 
which can be solved by model-based approach-
es, such as convex optimization and dynamic 
programming, and data-based approaches, such 
as deep reinforcement learning (DRL) and gen-
erative AI (GAI). Therefore, level-one DAs can 
flexibly provide each user’s estimated resource 
demand for level-two DAs to conduct further 
feature abstraction.

Tailored Network Orchestration Approaches: 
As shown in Fig. 4, we propose a tailored network 
resource orchestration process. Specifically, users 
are first clustered into different groups based on 
the QoE model structures. The users in one group 
have the same QoE model structures, but their 
model parameters can be different. Then, the 
average group-level state, such as buffer length, 
computing load, and content quality, is integrat-
ed with the QoE model index as an input of the 
group-level resource allocation module. This mod-
ule can adopt a multi-agent DRL algorithm to con-
duct resource allocation strategies for each group. 
Next, the group-level resource allocation strate-
gies are combined with user state and QoE mod-
els as input for the user-level resource allocation 
module. Based on the differences in optimization 
problems of various groups, this module can be 
customized. For instance, if the optimization prob-
lem can be transformed into a convex problem, 
a convex optimization method can be adopted 
to achieve the optimal QoE. If the optimization 
problem can be transformed into a Knapsack 
problem, a dynamic programming method can 
be utilized to achieve satisfactory QoE. Finally, 
the groups’ QoE is fed back to the group-level 
resource allocation module for neural network 
update in the model training stage.

Level-Two DA-Assisted Network Slicing
To facilitate experience-centric network slicing, 
level-two DAs are utilized to adjust the resource 
demand estimation window for level-one DAs, 
abstract resource demand distribution from lev-
el-one DAs, and make adaptive network slice 
reconfiguration.

Resource Demand Distribution Abstraction: 
The resource demand distribution abstraction 
relies on user resource demand estimation in a 
network slice window. The resource demand has 
two unique labels: service type and location. The 
resource demands of users using the same service 
in the same base station coverage are aggregat-
ed to constitute the resource demand distribu-
tion. If the network resources are sufficient, they 
can be directly sliced based on the distribution of 
resource demand. Otherwise, network resources 
need to be preferentially sliced to user groups 
that can achieve the highest QoE gain (The QoE 
increases with the same network resources).

Adaptive Slice Reconfiguration: To adapt to 
network dynamics, network slices require adap-
tive adjustments, including adaptive slice window 
and game-based slice adjustment.

FIGURE 3. QoE-based resource demand prediction procedure.
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Adaptive Slice Window: As illustrated in Fig. 
1, the emulated user behaviors and environmen-
tal information in level-one DAs are transferred 
to the network dynamics analysis module in lev-
el-two DAs. Network dynamics are then analyzed 
based on variations in user behaviors and environ-
mental data. The analyzed network dynamics are 
discretized into multiple stages, with each stage 
corresponding to a specific slice window size. 
Higher network dynamics generally correlate with 
shorter slice window sizes. The mapping between 
network dynamics and slice window size can also 
be fine-tuned based on QoE feedback.

Game-Based Slice Adjustment: In game-based 
slice adjustment, multiple user groups with diverse 
ELA compete for limited network resources to 
enhance their individual QoE. Each user group 
acts as a rational player in a non-cooperative 
game, aiming to optimize its own reserved net-
work resources. The competition is modeled 
using game theory, where utility functions quanti-
fy the QoE improvements relative to the reserved 
network resources. Players strategize to maximize 
their utilities by adjusting their slice configurations 
of communication, computing, caching, and sens-
ing resources. The interaction among user groups 
leads to an equilibrium state—typically a Nash 
Equilibrium—where no group can independent-
ly improve its QoE without adversely affecting 
others. By incorporating algorithms like potential 
games and iterative best-response dynamics, the 
network can dynamically adjust slices in response 
to real-time user behavior and environmental 
changes, which can ensure an efficient and fair 
distribution of network resources.

Case Study
We present a case study to evaluate the perfor-
mance of the proposed DA-assisted network man-
agement framework in video streaming scenarios. 
The simulation region selects the University of 
Waterloo campus, where two base stations with 
700 MHz band (n28: 703–803 MHz) and a con-
nected edge server with 10 GCycles/s computing 
capacity are deployed. The number of users in the 
simulation region is set as k  {16, 18, 20, 22, 24}. 
Each user moves along a prescribed path with 
a speed ranging from 2  40 km/h. The chan-
nel path losses between users and base stations 
are generated based on the PropagationModel 
at Matlab. The transmitted video sequences are 
sampled from the YouTube 8M dataset (https://
research.google.com/youtube8m/index.html). 
The video bitrate ranges from 500 kb/s to 3 Mb/s. 
Users’ video requests are modeled as a Poisson 
distribution with an arrival rate of l  = 6. Users’ 
MOS are generated based on three principles, 
rebuffer time-based probability distribution N(5 – 
0.4R, 8; 1, 5), quality-based one N(1 + 4Q, 1; 1, 
5), and combined one N(1 + 4Q – 0.4R, 0.8; 1,5), 
where R and Q represent rebuffer time and video 
quality, respectively. Users’ behavioral dynamics 
and environmental complexity range from 1 to 2, 
where the front relies on swipe frequencies, and 
the latter has a negative correlation relationship 
with velocities. Users’ ELAs are uniformly sampled 
with the range of [3, 5], and their QoE models are 
fitted by using the lsqcurvefit function in Matlab. 
In the level-one DAs, the resource demand distri-
bution is analyzed by integrating user QoE mod-

els and ELAs. The tailored scheduling algorithm 
selects a four-layer branch dueling Q network 
(BDQN) [15] for group-level resource allocation 
and a sequential least squares quadratic program-
ming (SLSQP) method for user-level resource allo-
cation. In the level-two DAs, network dynamics is 
split into five parts, each of which corresponds to 
a slicing window size W  {3, 6, 9, 12, 15} min. 
The network slicing problem regarding commu-
nication and computing resource reservation is 
transformed into a convex optimization problem, 
solved by a low-complexity greedy algorithm. The 
two-level DA framework can adapt to various net-
work scales.

We compare our DA-assisted network man-
agement framework with three benchmark 
schemes, that is, without DA (w/o DA) scheme, 
purely DRL-based level-one DA (PDRL-L1) 
scheme, and heuristic SLA-based level-two DA 
(HSLA-L2) scheme. The w/o DA scheme utiliz-
es general QoE models for resource demand 
estimation, round-robin scheduling methods for 
real-time resource allocation, and greedy-based 
network slicing methods. The PDRL-L1 scheme 
adopts a five-layer BDQN algorithm to substi-
tute the data-model-driven scheduling algorithm 
in the level-one DA, while the HSLA-L2 scheme 
selects QoS models and SLA to estimate resource 
demand distribution for network slice adjustment 
in the level-two DA.

As shown in Fig. 5a, we compare the CDF 
curves of ELA achievable ratio, that is, the propor-
tion of user QoE over ELA in each slicing window. 
It can be observed that the proposed framework 
can achieve the highest ELA achievable ratios 
in most percentile ranges. However, in the mid-
range (0.6–0.7), the PDRL-L1 scheme slightly 
outperforms the proposed framework due to its 
focus on user fairness despite achieving lower 
ELAs overall. The w/o DA scheme shows mod-
erate performance but lags behind the proposed 
and PDRL-L1 schemes, which demonstrate the 
importance of DA-based optimization. Although 
the HSLA-L2 scheme exhibits the poorest perfor-
mance, it validates the effectiveness of QoE mod-
els and ELA in resource management. As shown 
in Fig. 5b, the proposed framework demonstrates 
the highest median QoE. Its interquartile range 
(IQR) is not the narrowest because users have 
diverse ELAs, and our objective is to ensure that 
each user’s QoE surpasses their ELAs. The w/o 
DA scheme shows the lowest median QoE and 
a wide IQR because the round-robin schedul-
ing method ignores users’ diversified resource 
demands, which makes real-time resource alloca-
tion less targeted in improving user QoE.

FIGURE 4. Tailored network resource orchestration process.
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Research Challenges and Potential Solutions
Although the proposed framework can facilitate 
experience-centric network orchestration and slic-
ing to improve user QoE, some challenges still 
exist that need to be solved.

Efficient Multi-Modal Data Collection and Generation
To construct and maintain level-one and level-two 
DAs, it is imperative to collect multi-modal data 
such as user behaviors, network performance met-
rics, and environmental contextual information. 
However, these data are inherently heterogeneous, 
encompassing various formats and update inter-
vals, 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 extract-
ing and transmitting only the semantic essence, 
the communication load is significantly decreased 
while preserving the information necessary for 
DA maintenance. Furthermore, generating these 
multi-modal data in real-time introduces consid-
erable 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 uti-
lized to reduce computational costs.

Flexible Resource Scheduling Algorithm Selection
The proposed tailored resource scheduling 
approach is a two-layer architecture, where the 

bottom layer adopts multi-agent reinforcement 
learning for group-level resource allocation, and 
the topper layer consists of customized algorithms 
dedicated to user-level resource allocation. How-
ever, due to the diversity of user demands and 
the dynamic nature of user states, finding suitable 
resource allocation algorithms for individual users 
is relatively challenging. To achieve flexibility in 
the second-layer algorithm, we can input the cur-
rent optimization problems and user states into a 
meta-learning model or an automated machine 
learning (AutoML) model. These technologies are 
capable of rapidly searching for and generating 
the most appropriate optimization algorithms by 
learning from prior optimization experiences and 
adapting to new scenarios.

Scalable Two-level DA Deployment and Migration
Level-one DAs are typically deployed 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 computational resources for extensive 
data processing. However, due to the diversity 
of terminal services and varying user demands, 
selecting appropriate nodes for deploying these 
two-level DAs is crucial for enhancing processing 
speed and reducing latency. An effective deploy-
ment solution involves a dynamic node selec-
tion mechanism 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 utiliza-
tion and performance.

Conclusion and Future Directions
In this article, we have proposed a novel DA-as-
sisted network management framework to 
improve user QoE. Two-level DAs interact with 
each other to update QoE models, make tailored 
network orchestration strategies, and adaptively 
adjust network slices. Three research challenges 
from the perspectives of DA data collection and 
generation cost, network scheduling algorithm 
selection, and DA deployment and migration are 
explored and given potential solutions.

For future research, more efforts should be 
directed to DA-assisted closed-loop network man-
agement, efficient interaction between DAs and 
physical networks, and accurate performance 
evaluation of DA systems.
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