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Abstract
As extended reality (XR) technologies evolve, 

optimizing quality of experience (QoE) for end-us-
ers becomes increasingly challenging due to the 
stringent network requirements of these applica-
tions. Traditional quality of service (QoS) metrics 
often fall short, making user perception central 
to effective network management. This challenge 
becomes even more pronounced with the advent 
of 6G networks, where XR applications will be 
deployed on distributed computing resources 
across the compute continuum (CC). This article 
presents our vision for edge-cloud orchestration 
in 6G, featuring a hybrid QoE model that inte-
grates network and physiological metrics with 
subjective user feedback. In addition, we leverage 
reinforcement learning (RL) to efficiently man-
age QoE across edge-cloud infrastructures within 
the CC. By addressing the dynamic and complex 
nature of XR applications from both technical and 
human perspectives, our approach aims to meet 
the stringent low-latency requirements of these 
immersive applications. The article also highlights 
recent advancements in QoE modeling through a 
collaborative virtual reality (VR) use case, demon-
strating the importance of integrating objective 
and subjective metrics for effective QoE manage-
ment. This article aims to provide a foundational 
framework for QoE management in 6G networks, 
paving the way for future research and innovation 
in this rapidly evolving domain.

Introduction
Recent advances in extended reality (XR) systems 
have generated significant interest across various 
verticals, including Education, Entertainment, Man-
ufacturing, and Healthcare [1]. These sectors are 
leveraging immersive XR experiences to enhance 
productivity through virtual training systems and 
remote collaboration among employees. In the 
consumer market, immersive entertainment expe-
riences, such as gaming and live sporting events, 
are also gaining substantial traction. Financial insti-
tutions such as Goldman Sachs project immense 

growth potential for the XR ecosystem, predicting 
it will become an eighty-billion-dollar market by 
2025 [2]. With expectations of widespread adop-
tion in the coming years, the rapid advancement 
of XR technologies is transforming the landscape 
of immersive experiences.

Nonetheless, quality of experience (QoE) 
assessment and optimization for end-users remain 
a significant challenge [3, 4]. The complexity aris-
es from the subjective nature of QoE, which is 
influenced by a variety of factors, including user 
expectations, network conditions, and the specific 
context in which services are consumed. This is 
even further exacerbated in emerging 6G com-
pute continuum (CC) scenarios [5, 6], such as 
cloud XR gaming and holographic telepresence 
[7], where the dynamic and heterogeneous nature 
of the network introduces additional variability in 
user experience. 6G CC environments will involve 
diverse network conditions and a wide range of 
computing resources, from edge devices to cloud 
data centers (DCs). The variability in computing 
power and geographical location adds complex-
ity, requiring advanced orchestration methods 
to ensure consistent performance and low laten-
cy for real-time XR applications. Existing meth-
ods often struggle to capture and optimize these 
dynamic user experiences, emphasizing the need 
for more sophisticated models that better align 
technical metrics with actual user perceptions and 
satisfaction, especially in 6G CC contexts.

This article presents our vision for QoE man-
agement in 6G networks, integrating subjective 
user feedback with network and physiological 
metrics to create a more holistic approach to 
edge-cloud orchestration. In contrast to 5G solu-
tions, by combining these different elements, we 
seek to bridge the gap between technical perfor-
mance indicators and user satisfaction in highly 
dynamic and heterogeneous environments. This 
hybrid QoE model leverages advanced machine 
learning (ML) techniques and real-time data ana-
lytics to continuously assess and adapt to the 
dynamic conditions of modern networks, partic-
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ularly in 6G CC environments. While the dynamic 
and heterogeneous nature of the CC introduc-
es complexity in resource management, it also 
provides an opportunity for more sophisticated 
orchestration strategies. Our approach not only 
enhances the accuracy of QoE predictions but 
also enables proactive management strategies 
that can anticipate and mitigate potential issues 
before these impact the end-user experience.

We also propose reinforcement learning (RL) 
[8] as the main orchestrator for QoE optimization 
in 6G, enabling real-time decisions to adapt net-
work configurations and resources according to 
network performance and user perception. The 
envisioned RL-based orchestrator will handle key 
service scheduling tasks using the hybrid QoE 
model as input. The article presents results from 
a collaborative virtual reality (VR) use case [9], 
which involves a virtual kitchen scenario where 
participants collaboratively bake a pizza (detailed 
further below). By fostering seamless interaction 
between network conditions and user expecta-
tions, our hybrid QoE vision aims to establish a 
new standard for QoE management that is both 
robust and user-centric.

The remainder of the article is organized as fol-
lows: The next section discusses the literature and 
explores the motivation behind our hybrid QoE 
approach for XR applications. Then, we present the 
proposed 6G cloud-native (CN) infrastructure for 
QoE management within the CC while describing 
novel components for the proper orchestration of 
XR applications. Following that, we introduce the 
collaborative VR use case centered around a virtual 
kitchen and then discuss the obtained results. Last, 
we focus on open challenges and future directions. 
The final section concludes this article.

Background and Motivation
QoE modeling [10] (Fig. 1) for interactive multi-us-
er, multi-device XR applications presents a com-
plex challenge due to the multifaceted nature of 
human perception. Based on our previous work 
[9], it is evident that a single parameter cannot 
adequately capture the nuances of user experi-
ence. Instead, this article proposes that QoE is 
influenced by several factors, encompassing not 
just technological parameters but also contextual 
and human physiological responses. Technologi-
cal aspects include network performance, device 
capabilities, and software efficiency, which can 
be estimated through network key performance 
indicators (KPIs). These objective metrics provide a 
foundation for understanding the technical aspects 
of user experience in real-time collaborative envi-
ronments. On the other hand, human-related fac-
tors, such as physiological responses, are crucial 
for capturing the subjective aspects of QoE. In our 
experiments [9], heart activity seems a reliable indi-
cator of user engagement and stress levels, which 
are critical for assessing QoE in immersive VR envi-
ronments. Thus, the QoE in these networked XR 
environments can be represented by combining 
technological and human factors, offering a more 
comprehensive and accurate reflection of user 
experience. This approach allows for a practical 
and scalable way to estimate QoE by integrating 
both network and physiological data with subjec-
tive human responses, thereby advancing the preci-
sion of QoE models for XR applications.

Cloud-Native Extended Reality [11] represents 
the convergence of XR technology with cloud 
computing infrastructure, enabling the creation, 
distribution, and consumption of immersive expe-
riences over the internet. In contrast to traditional 
XR setups that rely on locally hosted infrastructure, 
CN XR will leverage the scalability and flexibility 
offered by cloud providers to deliver immersive 
experiences to end users across various devic-
es and locations. By leveraging cloud resources, 
developers can offload processing-intensive tasks, 
such as sampling and encoding, to remote cloud 
locations, thus enabling end users to access XR 
content without requiring high-end hardware 
[11]. Kubernetes (K8s) [12] has emerged as a 
fundamental building block in the development 
and deployment of CN applications, including 
XR experiences. As the most popular container 
orchestration platform, K8s simplifies the man-
agement of containerized workloads, providing 
automated scaling and deployment capabilities 
while ensuring high availability, fault tolerance, 
and efficient resource utilization. By leveraging 
K8s, developers can deploy XR workloads across 
multiple computing nodes, dynamically scale 
resources based on user demand, and seamlessly 
manage updates and rollbacks, thereby optimiz-
ing the delivery of immersive XR experiences to 
end users [11].

The Compute Continuum [5] represents a 
paradigm shift in computing, where processing 
power and computational resources are seam-
lessly distributed across a spectrum of devices, 
from edge to cloud. This continuum of virtual 
resources enables a more flexible and responsive 
infrastructure between centralized cloud DCs and 
decentralized edge devices [6]. In the context of 
6G and next-generation networks, the CC is cru-
cial for supporting latency-sensitive applications, 
such as XR experiences and real-time collabora-
tive environments. XR Developers and industries 
agree that application roundtrip latency needs to 
remain below 20 ms, and the bandwidth should 
be able to scale up to 30 Gb/s [11]. By dynam-
ically allocating resources across the CC, appli-
cations can achieve the necessary computational 
efficiency and responsiveness, adapting to varying 
workloads and user demands in near real-time. 
The CC will play a pivotal role in the future of 
networked systems, enabling new levels of per-
formance, scalability, and user experience across 
diverse applications and services.

Reinforcement Learning [8] is a powerful 
ML-based technique that enables agents to learn 
optimal behaviors through trial and error, guided 
by rewards and penalties from their environment. 

FIGURE 1. Conceptual overview of a QoE modeling approach.
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Unlike traditional supervised learning, where a 
model is trained on a fixed dataset, RL involves an 
agent interacting with its environment to discover 
the best strategies for achieving specific goals. 
Thus, RL is well-suited for dynamic and complex 
decision-making tasks where actions must be 
determined in near real-time. In the context of 
6G, RL can be applied to optimize QoE for end 
users by dynamically adjusting network config-
urations and allocating computational resourc-
es based on real-time information, ensuring that 
performance metrics such as latency, bandwidth, 
and user satisfaction are continuously optimized. 
In addition, the versatility of RL methods to han-
dle multi-objective optimization problems makes 
it ideal for scenarios where multiple, often con-
flicting, goals must be balanced, such as maxi-
mizing user experience while minimizing energy 
consumption of the infrastructure. As technolo-
gies continue to evolve, RL is expected to play 
a critical role in enabling intelligent, autonomous 
systems capable of adapting to the ever-changing 
demands of modern networks and applications.

QoE optimization in 6G networks presents 
both opportunities and challenges. The conver-
gence of advanced technologies such as K8s, RL, 
and the CC is essential in addressing the increas-
ing complexity and variability of user experienc-
es. As 6G networks aim to provide ultra-reliable, 
low-latency communications for a wide range 
of applications, including immersive real-time 
collaborative XR environments, optimizing QoE 
becomes increasingly demanding. RL can facili-
tate the creation of intelligent, adaptive systems 
that dynamically optimize network resources and 
configurations in near real-time, ensuring precise 
alignment with user demands. The CC can also 
offer a flexible infrastructure that efficiently dis-
tributes computational tasks between the edge 
and the cloud, minimizing latency and enhanc-
ing overall performance. This article discusses 
further these open challenges while proposing 
solutions to address existing limitations in the 
coming years. The aim is to overcome today’s 
bottlenecks to efficiently deploy XR applications 
in distributed cloud environments, not only meet-
ing but exceeding user expectations and paving 
the way for unparalleled XR experiences across a 
broad spectrum of applications.

Toward Efficient QoE Management in  
6G Networks for Networked Extended Reality

This section outlines the envisioned 6G CN dis-
tributed infrastructure, in which containerized 
XR components are deployed across multiple 
K8s clusters to deliver immersive experiences. A 
hybrid QoE model that combines network and 
physiological data with subjective user respons-
es is also proposed for a comprehensive view of 
user experience. Lastly, we explore the potential 
of RL for efficient QoE optimization in 6G net-
works within the CC.

System Overview
The advent of novel architectural paradigms has 
paved the way for the deployment of contain-
erized applications on distributed computing 
resources from the edge to the cloud, forming 
the known CC. Figure 2 illustrates the envisioned 
6G CN infrastructure, which integrates key archi-
tectural concepts based on the K8s orchestration 
platform. This vision aims to deploy and manage 
XR applications within a CN architecture, lever-
aging K8s to efficiently optimize its components 
across the CC, including three main locations: 
edge, fog, and cloud. In contrast to traditional 
clouds, the fog and edge layers serve as inter-
mediate computing zones, positioned closer to 
end users to reduce latency and improve per-
formance. These layers bring processing power, 
storage, and memory capacity closer to the end 
devices, allowing more responsive and immer-
sive applications, especially in XR. Each location 
consists of a K8s cluster managed via multi-clus-
ter orchestration solutions [11]. In this setup, an 
XR application is decomposed into loosely cou-
pled microservices (e.g., server and client), each 
independently developed, deployed, and main-
tained. Within K8s, these microservices run in 
containerized groups known as Pods, the small-
est operational unit in K8s running in a shared 
execution environment. Compared to mono-
lithic architectures, microservices offer several 
advantages: they enable independent scaling of 
components to meet demand, such as scaling 
the XR server instances without affecting clients, 
improve resilience by isolating failures to specific 
services, and allow modular updates and fea-

FIGURE 1. High-level view of the deployment of a container-based XR application within the 6G CC.
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ture additions without disrupting the entire XR 
application. The ability to deploy microservices 
across heterogeneous layers ensures latency-sen-
sitive components are placed closer to end users 
while utilizing cloud locations for computational-
ly intensive tasks.

Hybrid QoE Modeling
In contrast to conventional QoE assessments that 
often focus on video quality or 2D imagery, XR 
environments require a more nuanced approach 
due to their immersive nature, which involves a 
range of sensory inputs and interaction dynamics. 
Traditional methods for modeling user perception 
in XR often overlook the human-centric nature 
of perception in these environments. Motivated 
by the potential of physiological signals to reflect 
human perception, this work introduces a novel 
hybrid QoE model that integrates network metrics 
with physiological responses, providing a compre-
hensive analysis of user perception in collabora-
tive XR environments.

Network Metrics provide insights into the oper-
ational health of a network and the user experi-
ence, especially in complex applications such as 
XR. Furthermore, physiological responses assess 
how network conditions impact users physically 
and emotionally. This study focuses on the follow-
ing metrics:
•	 Throughput is the amount of data success-

fully transmitted over the network in a given 
time, reflecting the overall network capacity.

•	 Packet size of the packets sent through the net-
work can affect the latency of communication.

•	 Inter-Arrival Time refers to the time between 
the arrival of consecutive packets, which can 
also impact the latency.

•	 Heart Rate Activity represents the physiologi-
cal state of the user.
Subjective user feedback is based on users’ 

personal perceptions and experiences, offering 
qualitative insights, in contrast to network met-
rics, which often rely on quantitative data. Based 
on our previous work [9], four key aspects have 
been identified to assess the user experience in 
XR settings:
•	 Latency refers to the delay between a user’s 

action and the system’s response.
•	 Jerkiness, or the visual stuttering caused by 

burst impairments, disrupts smooth move-
ment within the XR environment.

•	 Synchronization involves the alignment of 
sensory inputs, ensuring that the visual and 
haptic feedback in an XR environment is 
cohesive.

•	 Network perception refers to how users per-
ceive the overall performance and reliability 
of the XR system.
In summary, our hybrid approach aims to offer 

a more comprehensive estimate of the end user’s 
QoE by combining both objective and subjec-
tive data. By integrating diverse data streams, the 
hybrid model captures a broader spectrum of 
user responses and provides a more personalized 
and adaptive assessment.

QoE Optimizations via Reinforcement Learning
QoE optimizations are crucial in ensuring end-us-
ers receive the best possible service, particularly 
in immersive XR applications. In the context of 

the 6G CC, where XR applications are deployed 
across distributed computing resources, RL offers 
a powerful approach to optimize QoE. The envi-
sioned RL-based orchestrator will leverage an 
observation space that combines network-level 
KPIs, physiological data, and subjective feedback. 
Using this rich observation space, RL methods 
can learn to select appropriate actions that max-
imize a complex reward function that includes 
numerous objectives, such as minimizing laten-
cy, ensuring high throughput, and maximizing 
the user’s QoE. Thus, the hybrid QoE model is a 
critical component of the RL agent’s observation 
space, providing the agent with a comprehen-
sive understanding of user QoE for efficient deci-
sion-making.

The RL-based orchestrator focuses on key 
decision-making processes to ensure appropriate 
service provisioning:
•	 Determining the optimal placement of XR 

microservices across edge, fog, and cloud 
locations when receiving new user requests

•	 Predicting when a user will need to be 
migrated to another location to mitigate 
performance issues (For example, if a user’s 
QoE deteriorates due to latency, the agent 
can relocate the microservices to an edge 
node closer to the user, improving respon-
siveness and overall experience.)

•	 Adapting the network configuration to meet 
individual user needs according to subjective 
feedback received as a reward.

User satisfaction, measured through subjective 
feedback, is possibly the most direct indicator of 
QoE. For example, if a user consistently reports 
low satisfaction due to video quality, the RL sys-
tem can deploy microservices at a particular loca-
tion, ensuring higher-resolution streaming for that 
user, even if it requires trade-offs with other KPIs.

RL-based methodologies offer several advan-
tages over traditional approaches. RL can contin-
uously learn and adapt to the dynamic network 
environment, ensuring optimal resource utiliza-
tion and user satisfaction. By focusing on multiple 
KPIs, the proposed RL-driven QoE optimization 
can provide a more responsive and personalized 
user experience in 6G networks. As networks 
become more complex and demand more from 
the underlying infrastructure, RL offers a flexible 
and powerful mechanism to meet open challeng-
es, ensuring that the promise of next-generation 
immersive XR applications is fully realized.

Use Case — Collaborative VR Application
Figure 3 illustrates the developed VR application 
[9], where participants collaboratively bake a 
pizza in a virtual kitchen. The kitchen layout fea-
tures tables arranged in an “H” shape to sepa-
rate the two users. All necessary ingredients are 
placed on these tables, requiring users to pass 
items to each other, fostering close collabora-
tion. The virtual kitchen also features an oven for 
baking the pizza, but it is only accessible to one 
user. A blackboard on the wall guides participants 
through the step-by-step process. The virtual envi-
ronment is intentionally designed so that neither 
user can access all the necessary utensils alone, 
making object handover crucial for task comple-
tion. The main steps are described below (illustrat-
ed in Fig. 3b):

User satisfaction, mea-
sured through subjective 
feedback, is possibly the 
most direct indicator of 

QoE. For example, if a user 
consistently reports low 
satisfaction due to video 

quality, the RL system can 
deploy microservices at a 

particular location, ensuring 
higher-resolution streaming 

for that user, even if it 
requires trade-offs with 

other KPIs.

Authorized licensed use limited to: University of Gent. Downloaded on June 13,2025 at 09:18:04 UTC from IEEE Xplore.  Restrictions apply. 



IEEE Communications Magazine • Accepted for Publication5

•	 User A hands water and flour to User B, who 
mixes them to form a dough.

•	 User B kneads the dough and places it in the 
designated area.

•	 User A passes the rolling pin for User B to 
roll the dough.

•	 User B hands a spoon to User A, who 
spreads tomato sauce on the dough, refilling 
the spoon as needed.

•	 User A passes sausage and bell pepper to 
User B, who chops and places the toppings 
on the pizza.

•	 User B opens the oven and bakes the pizza 
using a pizza shovel passed by User A.
The use case has been chosen based on its 

gamified and pleasant nature, inspired by popular 
cooking games such as “Overcooked!.” The design 
helps prevent user boredom during repeated play-
throughs. Moreover, the use case integrates key col-
laborative VR elements essential for completing the 
task and ensuring a meaningful collaborative experi-
ence as described by Perez et al. [13]: Deliberation 
(communication between users), Exploration (locat-
ing and identifying objects), and Manipulation (inter-
acting with and passing objects). Table 1 shows 
the timing and content of subjective evaluations 

during a single experimental session across three 
phases: Pre-session, In-session, and Post-session. The 
pre-session focuses on gathering participant demo-
graphics, assessing prior experience with VR, self-as-
sessing technological proficiency, and conducting 
baseline tests, including the virtual reality sickness 
questionnaire (VRSQ) and Ishihara color vision tests. 
In-session evaluations used a 5-point Likert scale to 
measure various aspects of the experience of par-
ticipants, such as playthrough time, VRSQ scores, 
and perceived latency and jerkiness on object 
interaction and collaboration. However, In-session 
questionnaires may impact task performance, par-
ticularly in scenarios where user engagement is crit-
ical. A few strategies could mitigate these effects by 
dynamically scheduling these questionnaires during 
natural breaks in the XR session to minimize dis-
ruption. The aim is to create concise and visually 
intuitive questionnaires to reduce cognitive load and 
response time. Also, passive monitoring techniques 
(e.g., physiological data) can complement or even 
replace in-session questionnaires, reducing interrup-
tions. Post-session ranked perceived network perfor-
mance and cybersickness.

The study involved 10 sessions with 20 par-
ticipants (30% female, 70% male) between 22 
and 47 years of age. Each participant used a Meta 
Quest 2 VR headset in the virtual environment. 
Wireshark has been used for deep traffic analysis, 
while two Shimmer GSR+ devices recorded phys-
iological signals. Four different scenarios (A–D) 
have been assessed:
•	 A (No impairments).
•	 B (500 ms delay).
•	 C (500 ms throttling at a 50% rate).
•	 D (500 ms delay and 500 ms throttling at 50%).

All participants experienced each scenario for 
comprehensive analysis. For more details, refer 
to related studies [9, 14] on the impact of VR on 
user experience.

Results
Effective RL-based orchestration depends on accu-
rate QoE estimation, as unreliable estimations can 
hinder policy learning and compromise service 
placement. This work evaluates the hybrid QoE 
model, laying the foundation for its future integra-
tion into RL. Three ML algorithms, namely Deci-
sion Tree (DT), Support Vector Machine (SVM), 
and Extreme Gradient Boosting (XGB) have been 
evaluated based on their ability to predict QoE 
criteria using different feature sets: network, phys-
iological, and hybrid. These models produce bina-
ry predictions of user perception, distinguishing 
between the presence and absence of perceived 
issues as reported by participants. Table 2 summa-
rizes the performance of each model measured 
using balanced accuracy (BAC), which provides 
a balanced evaluation by accounting for class 
imbalances, ensuring an accurate assessment of 
both positive and negative predictions.

Jerkiness criterion DT achieved the highest BAC 
(0.65) using network features, indicating that net-
work metrics are more predictive of perceived 
Jerkiness than physiological data. This trend was 
consistent across SVM and XGB, where network 
features generally outperformed other models. 
Latency criterion Models trained on combined fea-
tures consistently outperformed those trained on 
either network or physiological features alone. SVM 

FIGURE 3. Overview of the collaborative pizza-baking application, illustrating the VR environment and the sequence 
of steps required to complete the task [9]: a) The collaborative VR environment; b) Schematic representation of 
the various steps. 

a)

b)
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achieved the highest BAC (0.79) with hybrid data, 
highlighting the importance of combining network 
metrics and physiological responses for accurate 
latency prediction. Sync criterion Hybrid models per-
formed best for synchronization perception. Both 
SVM and DT achieved a BAC of 0.79, indicating 
that synchronization is influenced by both network 
and physiological data. Network Preference Criterion 
Network-only models performed better than phys-
iological or hybrid models. DT and SVM achieved 
BAC values of 0.60 and 0.55, respectively, empha-
sizing the dominant role of network metrics in shap-
ing user perceptions of network quality.

The results emphasize the value of hybrid mod-
els in improving the accuracy of QoE predictions, 
particularly for latency and synchronization-re-
lated criteria. Network-only features have been 
more effective for Jerkiness and Network Prefer-
ence, suggesting that the relevance of physiolog-
ical data depends on the specific QoE criterion 
being modeled. Overall, SVM and XGB emerged 
as the most effective classifiers, highlighting the 
potential of ML in refining QoE modeling for col-
laborative XR environments. By leveraging this 
hybrid QoE approach, RL-based methodologies 
can efficiently manage QoE in 6G networks. This 
work establishes the foundation for integrating 
QoE models into the observation space of RL to 
ensure adequate actions for numerous perfor-
mance factors, with practical implementation and 
testing of RL strategies left for future work.

Open Challenges and Future Directions
The use of RL for optimizing QoE in 6G networks 
presents not only challenges but also opportu-
nities. As 6G networks aim to support ultra-low 
latency, massive device connectivity, and high 
reliability, leveraging RL for edge-cloud orchestra-
tion becomes critical but also complex. Scalability 
is a major challenge for RL algorithms in dynamic 
6G environments. As edge devices and network 
nodes increase, the observation and action spaces 
for RL models grow exponentially, complicating 
real-time decision-making. Future research should 
explore hierarchical and distributed RL to address 
these scalability issues. Real-time adaptation is 
also crucial, as RL algorithms need to adjust to 
fluctuating user demands, network loads, and 
mobility patterns, helping to mitigate the impact 
of cybersickness. Investigating techniques such as 
offline and online learning strategies and transfer 
learning methods could improve the adaptability 
of RL models in these scenarios.

Security in RL-based orchestration for 6G net-
works is vital due to the risk of adversarial attacks 
and inherent uncertainties in network conditions. 
Future studies should focus on secure RL meth-
ods, including adversarial training, to improve 
model robustness by simulating and defending 
against potential attacks. Resilient frameworks 
are also needed to provide RL systems with the 
capability to detect and recover from malicious 
activities or unexpected disruptions. In addition, 
Multi-Agent Coordination will be key as edge-
cloud orchestration in 6G involves multiple agents 
(e.g., base stations, edge servers) making simulta-
neous decisions. Future research should explore 
multi-agent RL and game theory approaches to 
address the challenges of coordination and coop-
eration among distributed agents.

Standardization and interoperability will also 
play a major role. Standardizing protocols, interfac-
es, and performance metrics is essential for QoE 
optimization in 6G networks, requiring collabo-
ration between industry and academia to ensure 
interoperability across vendors and infrastructures. 
Energy Efficiency is also a critical concern in 6G 
networks due to the deployment of dense net-
works and edge devices. Optimizing the energy 
efficiency of RL-driven edge-cloud orchestration 
without compromising QoE is another essential 
area for future research. To address this challenge, 
novel methodologies focused on energy-aware 
RL could be explored further. In conclusion, over-
coming these challenges is key to fully realizing the 
potential of RL for optimizing QoE in 6G networks.

Conclusions
As VR and XR technologies continue to push the 
boundaries of immersive experiences, optimiz-
ing QoE for end-users in the era of 6G networks 
presents both challenges and opportunities. This 
article presents a vision for QoE optimization in 
6G, focusing on a hybrid model that integrates 
network metrics, physiological data, and subjec-
tive user feedback. Results from a collaborative 
VR use case demonstrate the potential of combin-

TABLE 1. Overview of the timing and content of the subjective evaluations 
during a single experimental session.

Timing Content

Pre-session

Demographics (e.g., age, gender).
Prior experience with VR (Never, Once,  
     Quite, Very).
Technological proficiency (Low, Medium,  
     High).
Baseline VRSQ and Ishihara tests.

In-session 
(5-point 
Likert scale)

Estimation of playthrough time (in  
     seconds).
VRSQ.
Perceived Latency, Jerkiness on object  
     interaction.
Perceived task difficulty.

Post-session 
(Ranking)

Perceived network optimality.
Perceived cybersickness inducement. 

TABLE 2. Results for the hybrid QoE modeling approach based on different features. Higher BAC is better.

QoE Criterion ML Classifier Network 
(BAC)

Physiological 
(BAC)

Hybrid 
(BAC)

Jerkiness

DT 0.65 0.47 0.43

SVM 0.36 0.62 0.34

XGB 0.62 0.56 0.40

Latency

DT 0.63 0.58 0.78

SVM 0.57 0.55 0.79

XGB 0.57 0.54 0.68

Sync

DT 0.44 0.51 0.77

SVM 0.55 0.45 0.79

XGB 0.43 0.56 0.60

Network 
Preference

DT 0.60 0.51 0.40

SVM 0.55 0.43 0.53

XGB 0.54 0.45 0.45

Authorized licensed use limited to: University of Gent. Downloaded on June 13,2025 at 09:18:04 UTC from IEEE Xplore.  Restrictions apply. 



IEEE Communications Magazine • Accepted for Publication7

 By leveraging RL for edge-
cloud orchestration, our 
approach addresses the 

dynamic and complex nature 
of VR applications, ensuring 

that the stringent low-la-
tency requirements of these 
applications are met. Despite 
promising advancements in 
RL-driven QoE optimization, 
several challenges remain, 
such as the scalability of RL 
algorithms, real-time adap-

tation to network conditions, 
and resilience against secu-

rity threats, which are crucial 
for ensuring secure RL.

ing network and physiological data with subjec-
tive user feedback to predict the user experience 
more accurately. By leveraging RL for edge-cloud 
orchestration, our approach addresses the dynam-
ic and complex nature of VR applications, ensur-
ing that the stringent low-latency requirements 
of these applications are met. Despite promising 
advancements in RL-driven QoE optimization, sev-
eral challenges remain, such as the scalability of 
RL algorithms, real-time adaptation to network 
conditions, and resilience against security threats, 
which are crucial for ensuring secure RL. Over-
coming these obstacles is critical to fully realiz-
ing the potential of RL in managing QoE within 
6G networks. This article offers a comprehensive 
overview and a forward-looking perspective on 
efficient QoE management in the CC.
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