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Reporting of Generative Al Tool
Use

Tools
OpenAl ChatGPT GPT-5.1 and Gemini 2.5 Flash have been used between

2025 and 2026 during the preparation and revision of this thesis.

Outputs
The outputs generated and selectively used in this thesis preparation pro-

cess included:

¢ draft revisions of thesis paragraphs to improve clarity, structure, and

academic style;

* suggested wording for technical explanations, captions, and section

transitions;

¢ LaTeX-code refinement for formatting, table refinement, and figure

placement;

Prompts

Representative prompts included:

Revise this paragraph for clarity and academic tone in Overleaf format.

Rewrite this explanation to get to the desired technical depth.

* Suggest a technical caption for the figures.

Improve the logical flow of this section while preserving the technical

meaning.
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Where needed, outputs were further refined through follow-up prompts re-
questing concision, stronger technical emphasis, or better alignment with

reviewer concerns.

Iterations

The use of the tool was iterative. Initial outputs were treated as draft sup-
port only and were repeatedly refined through multiple follow-up prompts.
All generated text, captions, and code suggestions were manually reviewed,

edited, and adapted by the author before any inclusion in the thesis.

Critical Reflection

Generative Al was used in a limited support role for editing, restructur-
ing, drafting assistance, and code refinement. It was not used to generate
the underlying research contributions, experimental results, or scientific
conclusions of the thesis. The author remained fully responsible for the
conception of the research, implementation decisions, interpretation of the
findings, verification of technical accuracy, and final form of all thesis con-

tent.
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Abstract

Artificial Intelligence-Driven Rate Adaptive and
Perceptual-Aware Rich Media Delivery in 5G and Be-
yond Networks

Fazal E Subhan

The rapid evolution of immersive and bandwidth-intensive applications
such as 360-degree video, Virtual Reality (VR), Augmented Reality (AR),
Extended Reality (XR), and Volumetric Video (VV) poses substantial chal-
lenges to contemporary network infrastructures, especially in delivering
high perceptual Quality of Experience (QoE) and real-time content adapt-
ability. These challenges are intensified in Fifth Generation (5G) and Sixth
Generation (6G) environments, where heterogeneous user demands, device
capabilities, and network conditions necessitate intelligent, context-aware
streaming solutions. To address these complexities, this thesis investi-
gates the integration of Artificial Intelligence (Al) techniques with enabling
technologies in the context of network slicing, including Software-Defined
Networking (SDN), Network Functions Virtualization (NFV), and a specifi-
cally proposed Multi-Access Edge Computing (MEC)-based Adaptive Bitrate
(ABR) streaming strategy to support rich media delivery.

The thesis proposes EDGE360, a novel edge-assisted Multi-Agent Deep
Reinforcement Learning (MADRL) framework for region-aware ABR control
in tile-based 360-degree video streaming. EDGE360 employs the Coun-
terfactual Multi-Agent (COMA) policy gradient method to optimize bitrate
allocation across viewport, marginal, and background regions, using the
Video Multimethod Assessment Fusion (VMAF) metric and viewport trajec-
tory predictions. A centralized critic collaborates with distributed agent
networks deployed at the edge, leveraging real-time feedback from client
buffers, throughput estimations, and tile-level monitors. The proposed so-
lution models the adaptation task as a Partially Observable Markov De-
cision Process (POMDP) and ensures joint QoE optimization and fairness
across multiple clients. Experimental results confirm that EDGE360 signif-
icantly outperforms existing state-of-the-art ABR schemes by achieving the
highest average reward, outperforming RAPT360, 360SRL, and BOLA360
by 8.12%, 11.86%, and 18.00%, respectively, demonstrating superior con-
vergence and refinement under dynamic network conditions.



Extending adaptive streaming to next-generation VV scenarios, the the-
sis also introduces METAVV, a novel saliency-aware viewport-adaptive Meta-
Reinforcement Learning (Meta-RL) framework built on the PEARL (Prob-
abilistic Embeddings for Actor-Critic Reinforcement Learning) paradigm.
Formulated as a POMDP, METAVV incorporates 6-DoF viewport prediction,
Levels of Detail (LoD) mesh segmentation, and perceptual quality assess-
ment based on the Point Cloud Quality Metric (PCQM). By inferring latent
belief vectors from session-level observations, METAVV dynamically con-
ditions the ABR policy for fast adaptation across out-of-distribution net-
work and user mobility scenarios. This context-aware design enables rapid
convergence, personalized streaming decisions, and consistent perceptual
quality even under constrained or unseen conditions. Evaluations using
public VV datasets show that, under near-distance viewing, METAVV im-
proves average QoE by 3.25%, 3.78%, 11.98%, and 18.91% over FewVV,
Sparkle, Rolling POT, and ViVo, respectively. Under far-distance viewing,
the corresponding QoE gains are 8.81%, 7.17%, 16.94%, and 24.93%, re-
spectively. These results demonstrate that the proposed solution outper-
forms state-of-the-art solutions in rate adaptation under dynamic and out-
of-distribution conditions.

The thesis also includes a comprehensive survey that discusses Al-driven
advancements for intelligent content-centric networking, predictive stream-
ing, cache optimization, and secure slice-aware traffic management. It
highlights how AI models ranging from Machine Learning (ML) to DRL are
reshaping slice orchestration and media delivery in future networking en-
vironments.

xXxii



Chapter 1

Introduction

1.1 Background

Rich media content, sometimes referred to also as immersive media, offers
users the opportunity to interact with other worlds, real or virtual, by us-
ing diverse stimuli [3, 4]. Applications supporting rich media have gained
significant traction and are no longer limited to online gaming and enter-
tainment; they are increasingly used in teaching and learning, training, mu-
seum tours, healthcare, advertising, social networking, and user-generated
scenarios [5]. AR, VR, XR, multi-sensorial, omnidirectional (360-degree),
and volumetric media are among the key immersive technologies driving
this growth [6].

360° video is an immersive rich-media format that captures an omni-
directional scene, enabling users to freely look around from a fixed view-
point by interactively changing their viewing direction (i.e., three-degrees-
of-freedom, 3-DoF) in VR/XR applications. In addition, volumetric video
(VV) is an emerging rich-media format that captures real-world scenes as
fully three-dimensional (3D), six-degrees-of-freedom (6-DoF) content typi-
cally represented as dynamic point clouds and meshes, allowing users to
move around and view the scene from any viewpoint in immersive VR and

XR applications. Major industry players such as Meta, Google, Samsung,



Apple, and VIVE have invested in diverse hardware and software ecosystems
to provide users with high-quality immersive experiences [7].

From a networking perspective, such services fall squarely within the
enhanced Mobile Broadband (eMBB) use case of 5G and beyond networks,
which targets ultra-high data rates, low latency, and high reliability [8].
Immersive media streaming, however, pushes eMBB requirements to their
limits due to its stringent demands on sustained throughput, tight de-
lay constraints, and real-time adaptation to user interactions and mobil-
ity. Typically, users consume such content using Head-Mounted Displays
(HMDs) , gaming consoles, or high-end mobile devices demanding High Def-
initions (HDs), Ultra High Definitions (UHDs), 4K/8K resolutions for their
video components, and strong network Quality of Service (QoS) require-
ments such as ultra-low latency and very high throughput.

Unfortunately, the delivery of rich media content over networks is a ma-
jor bottleneck. For instance, according to the most recent Cisco Annual
Internet Report (2018-2023), the minimum bandwidth required for HD VR
and UHD VR streaming is 167 Mbps and 500 Mbps, respectively, whereas
the current average mobile network speed is 43.9 Mbps [9]. Along with
mobile networks, the broadband networks have a much larger bandwidth,
which should help. However, they also carry increasing amounts of traf-
fic. In 2023, an estimated 90% of all IP traffic is video-like, and 66% of the
installed flat-panel TVs, which also use this infrastructure, are using high
bitrate UHD content [10]. The rapid proliferation of immersive multimedia
such as AR, VR, XR, and VV Services (VVSs), coupled with the demand
for UHD video content, is significantly impacting modern mobile networks.
According to the Ericsson Mobility Report [2], global mobile data traffic
has seen a dramatic increase, rising from 10.9 Exabytes (EB) per month
in 2017 to 90.4 EB per month in 2022, and it is projected to reach 282.8
EB per month by 2027. As illustrated in Fig. 1.2, video content remains
the dominant contributor, accounting for the vast majority of mobile data

usage. This trend underscores the central role of multimedia, particularly



video in driving future mobile traffic growth. In parallel, monthly traffic per
smartphone has also surged, increasing from 2.6 GB in 2017 to 15.2 GB in
2022, and is expected to reach 39.7 GB by 2027, further emphasizing the
growing demand for high-bandwidth, content-rich applications in mobile
environments.

Although broadband networks offer higher capacity, they also carry rapidly
growing traffic loads. Recent operator forecasts continue to show that video
dominates mobile usage; Ericsson reports that video accounted for about
73% of mobile data traffic at the end of 2023 and is expected to reach 76% by
the end of 2025. In parallel, global mobile traffic volumes have reached un-
precedented levels, with total monthly mobile network data traffic reported
at approximately 200 EB in Q4 2025 [11]. Despite these improvements,
typical user-access speeds still lag behind immersive-media requirements
at scale; the ITU’s Global Connectivity Report, i.e., drawing on Speedtest
by Ookla, reports average global mobile download speeds on the order of
~92 Mbit/s in 2025 [12]. Taken together, these trends reinforce that im-
mersive services can quickly saturate available capacity and remain highly
sensitive to throughput variability and delay under real-world network dy-
namics.

In this regard, improving high-bitrate content transmissions in the cur-
rent network environment is fundamental for the success of rich media ser-
vices. Among several innovative solutions for network resource manage-
ment [13], there are network slicing [14] and edge computing, which can
be used to orchestrate and manage network resources to meet the require-
ments of various rich media services, as illustrated in Fig. 1.1. Network slic-
ing enables the division of physical infrastructure into multiple virtualized
networks, each tailored to specific service-level requirements and user con-
texts. Multi-Access Edge Computing (MEC), in this context, brings compu-
tation and storage closer to users by deploying resources at the edge of the
network, thereby reducing network delay and enabling real-time, context-

aware service delivery.
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Figure 1.1: Network slicing: a physical infrastructure is used via multiple
virtual network slices to support various rich media services [1].

Furthermore, the integration of Al techniques with network slicing and
MEC enhances the adaptability and efficiency of multimedia delivery sys-
tems. By deploying intelligent decision-making to the network edge, such
systems can dynamically respond to fluctuating bandwidth, user behavior,
and content-specific requirements. This paradigm is central to the research
presented in this thesis, which proposes an edge-assisted and client-driven,
Al-driven solution for adaptive bitrate selection in immersive 360° VR and
VVS. The proposed framework leverages edge intelligence, processing, video
rate adaptation, and perceptual video quality metrics to optimize transmis-
sion QoS and maximize user-perceived Quality of Experience (QoE) in multi-

user, bandwidth-constrained environments.

1.2 Challenges for Rich Media Delivery in 5G and Be-

yond Networks

Despite advances in multimedia hardware and software, delivering high-

bitrate rich media content over existing network infrastructures remains a



substantial challenge. Although broadband networks offer higher capac-
ity, they are also burdened with a growing volume of traffic (e.g., 90% of
all IP traffic in 2023 was video-like, with 66% of flat-panel TVs stream-
ing UHD content) [10]. In 5G and beyond networks, an innovative concept
named network slicing [14] can allocate dedicated virtual resources for dif-
ferent service classes, but slice-level provisioning alone does not guaran-
tee stable user experience under fast wireless fluctuations, mobility, and
heterogeneous device capabilities. Hence, adaptive mechanisms are re-
quired at the application layer, where ABR algorithms [15, 16] adjust bi-
trate based on real-time bandwidth and buffer observations and Dynamic
Adaptive Streaming over HTTP (DASH) [17] enables client-driven rate se-
lection. However, immersive rich media introduces additional challenges
that make ABR/DASH-only solutions insufficient in multi-client and con-
strained environments. To address these challenges in a principled man-
ner, this thesis develops an algorithmic adaptation framework that tightly
couples (i) perceptual region/viewport-aware quality optimization with (ii)
network-aware sequential decision-making, enabling robust, low-latency bi-
trate/quality control under uncertainty and multi-client contention.

A fundamental difficulty is that immersive content has non-uniform per-
ceptual importance across space and time, which requires user viewport
awareness. The user viewport denotes the subset of content that is cur-
rently within the user’s visible Field-of-View (FoV). For 360° video, the view-
port is the user’s FoV on the spherical frame (primarily 3-DoF head ro-
tation), whereas for volumetric video, the visible content depends on both
head orientation and user position (6-DoF), forming a view frustum in 3D
space. Since the viewport changes over time and must typically be pre-
dicted, any viewport prediction error can cause bandwidth to be spent on
less relevant regions or degrade quality in the actually viewed region, di-
rectly harming QoE.

Building on viewport awareness, region saliency is introduced as a no-

tion of how important a spatial region is to perceived quality. In practice,



saliency can be represented by region weights that prioritize viewport and
near-viewport areas (and, for volumetric content, often incorporate view-
ing distance), enabling region-aware resource allocation. This naturally
leads to region segmentation of the scene into multiple areas (e.g., view-
port/marginal/background). A key design dimension is region segmenta-
tion granularity (or graduality), which describes (i) how finely the content is
partitioned (e.g., tile-level vs. coarse regions, or multiple geometry LoD lev-
els) and (ii) how smoothly quality changes are applied across regions to avoid
noticeable boundaries and flicker. Finer granularity can improve perceptual
targeting but increases encoding/packaging overhead, signaling cost, and
decision complexity; coarser granularity reduces overhead but can waste
bandwidth and reduce QoE when the viewport shifts rapidly.

Another challenge is that immersive streaming must optimize perceptual
quality metrics that are media-specific. For 360° video, perceptual video
quality is often quantified using the Video Multi-method Assessment Fusion
(VMAF), which provides a quality score that better correlates with perceived
quality than simple fidelity metrics; in immersive settings, it is common
to consider viewport- or region-weighted quality to reflect what the user
actually sees. For volumetric video, perceptual quality must account for
3D reconstruction artifacts (geometry and/or texture distortions). There-
fore, the Point Cloud Quality Metric (PCQM) is used to quantify point-cloud
content quality, and it can likewise be extended with region/viewport and
distance awareness. Importantly, these perceptual objectives must be bal-
anced against network-driven penalties such as rebuffering, latency, and
excessive quality switches, which can be particularly disruptive in XR and
data-intensive VV content.

Finally, rich media adaptation is inherently a sequential decision-making
problem under uncertainty, since future bandwidth, latency, and user mo-
tion are not perfectly known. This motivates modeling the streaming control
problem as a Markov Decision Process (MDP) or, more realistically, a Partially

Observable MDP (POMDP), where the agent makes decisions based on par-



tial observations (e.g., noisy throughput samples and imperfect viewport
estimates) rather than full system state. Moreover, realistic deployments
involve multiple clients competing for shared resources, where independent
adaptation can lead to instability and unfairness. This motivates multi-
agent DRL, in which multiple agents (e.g., per-client decision makers) learn
coordinated policies under shared constraints. Within this space, the Coun-
terfactual Multi-Agent Policy Gradients (COMA) is a representative actor-critic
approach that addresses multi-agent credit assignment by using a counter-
factual baseline to estimate each agent’s marginal contribution to a global
objective [18]. In addition, because network conditions and user behaviors
can change abruptly across sessions, Meta-RL is introduced as a learn-
ing paradigm that aims to train policies capable of fast adaptation to new
tasks/environments with limited additional experience, a property that be-
comes important when streaming systems must generalize across diverse
and previously unseen conditions.

In summary, the core challenges for rich media delivery over 5G and
beyond networks include: (i) extreme and variable bandwidth demand, (ii)
strict latency and rebuffering sensitivity, (iii) viewport-driven and saliency-
driven non-uniform perceptual importance, (iv) segmentation granularity-
overhead trade-offs, (v) media-specific perceptual quality metrics (VMAF for
360° video and PCQM for volumetric video), and (vi) partial observability and
multi-client coupling that motivate POMDP-based reasoning and learning-
based control (including multi-agent DRL, and Meta-RL). These concepts
provide the foundation for the methodology and system designs presented

later in this thesis.

1.3 Problem Statement

The class of eMBB services for 5G and beyond networks is expected to
support immersive rich media applications such as 360° video and VV

streaming, which impose extreme requirements on throughput, latency,



reliability, and adaptability [3]. Unlike conventional 2D video, immersive
media exhibit strong spatial, perceptual, and user-centric characteristics,
where only a subset of the content (e.g., viewport and near-field 3D re-
gions) directly impacts the user QoE. Efficient delivery, therefore, benefits
from region-prioritized, perceptually aware, and context-adaptive streaming
mechanisms.

The problem addressed in this thesis is to design Al-driven, user-perception-
aware, and region-prioritized adaptive streaming architectures for 360° video
and VV content in eMBB environments, such that scalable, high-quality im-
mersive experiences can be delivered over 5G and beyond latency-sensitive
and broadband networks under dynamic and multi-user conditions.

However, existing ABR solutions primarily designed for monolithic 2D
video remain inadequate for immersive streaming in eMBB environments

due to the following fundamental limitations:

e Absence of perceptual and spatial awareness: Current ABR schemes
optimize bitrate based on throughput and buffer occupancy, but fail
to incorporate perceptual quality metrics (e.g., VMAF, PCQM) and spa-
tial importance, which are critical for viewport-centric 360° video and

distance-sensitive volumetric content.

* Poor coordination and fairness in multi-user: Client-centric and
heuristic ABR approaches lack cooperative decision-making, result-
ing in inefficient bandwidth utilization, QoE imbalance, and unfair re-
source allocation when multiple immersive users compete for shared

radio and edge resources.

* Limited adaptability and generalization under dynamic conditions:
Rapid fluctuations in wireless links, user motion (3-DoF/6-DoF), and
content heterogeneity require learning-based solutions capable of real-
time inference, fast adaptation, and generalization across unseen net-
work and content conditions capabilities that conventional DRL-based

ABR models struggle to provide.
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Figure 1.2: Estimated global mobile data traffic by application category
from 2017 to 2027, highlighting the dominant contribution of video con-
tent [2].

While architectural enablers such as network slicing, SDN, and MEC
provide the necessary infrastructure for scalable service provisioning, they
do not inherently resolve the decision-making complexity of immersive me-
dia adaptation. Consequently, there is a clear need for Al-driven control
frameworks that can jointly exploit edge intelligence, perceptual modeling,
cooperative and meta-learning strategies to enable scalable, fair, and QoE-

aware immersive media delivery.

1.4 Research Motivation

The integration of immersive applications, including VR streaming, volu-
metric video, and high-definition video conferencing, is placing unprece-
dented strain on existing wireless infrastructures. As immersive experi-
ences become increasingly integral to education, communication, and pro-
fessional workflows, user expectations for seamless, low-latency, and high-

quality interactions are rising accordingly. These expectations translate



into stringent requirements for end-to-end Quality of Service (QoS) and
user-perceived QoE. Conventional video delivery systems rely heavily on
centralized, heuristic-based ABR algorithms that adjust bitrate based on
estimated throughput and buffer levels. However, these solutions are not
sufficient for supporting multi-user environments in 5G and beyond net-
works, where variable link conditions, heterogeneous device capabilities,
and limited edge resources must be considered. They also lack the intelli-
gence to account for perceptual quality differences, especially in dynamic
and user-centric immersive contexts such as viewport-based VR streaming.

Furthermore, recent advancements in MEC bring computation and stor-
age capabilities closer to end-users, making it feasible to deploy intelligent
video adaptation strategies at the network edge. This opens new opportuni-
ties for context-aware, delay-sensitive streaming applications. However, the
efficient use of MEC in immersive media delivery still demands intelligent
mechanisms capable of making rapid, decentralized decisions in real-time.

In this context, there is a strong research impetus to develop intelligent

edge-based ABR mechanisms that:

* Leverage network conditions, buffer occupancy, and perceptual qual-
ity indicators such as VMAF for 360° video and PCQM for volumetric

content to guide bitrate decisions.

* Adapt effectively across diverse user behaviors and fluctuating net-
work environments through advanced ML models, including RL, DRL,
and meta-learning-based strategies that support cross-content gener-

alization.

* Scale to support multiple users in real time while ensuring QoE fair-

ness and resource efficiency at the MEC-enabled edge.

Our previously published survey [3] systematically explored how Al-enabled
network slicing, when combined with enabling technologies such as SDN,
NFV, Information-Centric Networking (ICN), and Content Delivery Network

(CDN), can improve multimedia content delivery. Among these, MEC emerges
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Figure 1.3: Al-driven architecture for immersive media streaming across
360° and volumetric video.

as a pivotal technology for supporting latency-sensitive and bandwidth-
intensive applications such as immersive media streaming. By bringing
computation and storage closer to end-users, MEC holds the promise of
reducing end-to-end latency and enabling more responsive service deliv-
ery. Despite its theoretical advantages, the simulation and evaluation of
MEC-assisted adaptive streaming systems under realistic network condi-
tions remain limited in existing literature. This thesis addresses this gap by
proposing an MEC-centric, Al-driven framework designed to support scal-

able, QoE-aware immersive content delivery in 5G and beyond networks.

1.5 Architecture for AI-Driven Immersive Streaming

Fig. 1.3 illustrates the unified Al-driven adaptive streaming architecture
proposed in this thesis, which serves as the foundation for the major so-
lutions presented in various chapters. This architecture encapsulates the
full pipeline for immersive media streaming and adaptive bitrate decision-

making across both 360° video and VV content. It is divided into five tightly
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coupled functional blocks, each addressing a specific challenge in the in-

telligent media delivery lifecycle.

e Immersive Content Input: This block handles the preparation of
streaming media. It supports tiled encoding of 360° videos at mul-
tiple bitrates and mesh-based LoDs for volumetric videos. The con-
tent is pre-segmented into spatio-temporal chunks to facilitate adap-

tive transmission based on user viewport and region saliency.

* View-Centric & Saliency-Aware Analysis: This module performs key
perceptual tasks. First, a viewport prediction model forecasts future
user views based on 3-DoF (head orientation) and 6-DoF (head + po-
sition) trajectories. Next, quality assessment metrics such as 360°
VMAF and point-cloud-based PCQM are employed to quantify the per-
ceptual relevance of content. Finally, region-aware segmentation deter-
mines spatial granularity using tile-based (for 360°) and mesh-based
(for VV) segmentation strategies to prioritize bitrate allocation accord-

ing to predicted importance.

* Adaptive Policy Learning: This is the intelligence core of the archi-
tecture. It incorporates both MADRL (multi-agent DRL) and Meta-
RL strategies to enable robust adaptive bitrate selection. The Multi-
Agent DRL module allows individual actors to collaboratively learn con-
tent and network-aware ABR decisions. The Meta-RL module uses an
encoder-inferer mechanism to derive task-specific context vectors z,
enabling few-shot generalization across unseen content and environ-
ments. These policies are trained to maximize a reward signal based

on QoE, rebuffering, and visual quality smoothness.

* Network-State Intelligence (NSI): This module continuously moni-
tors real-time network conditions, including throughput, buffer occu-

pancy, and historical latency trends. This dynamic information is used

12



to influence both the ABR decision process and the segmentation gran-

ularity, forming a feedback loop with the learning models.

* Client-ABR and Edge-Assisted Delivery: This final module imple-
ments adaptive delivery. ABR decisions made by DRL/Meta-RL agents
are transmitted to request specific bitrate segments. An edge cache
stores frequently accessed content tiles or segments to minimize la-
tency. The immersive media server delivers the requested chunks to
the client, completing the closed-loop system with real-time QoE feed-

back for further optimization.

In general, this architecture supports 360° and volumetric media stream-
ing scenarios by combining perceptual saliency modeling, adaptive region
segmentation, network-aware learning, and client-step delivery coordina-
tion. It is versatile enough to adapt to fluctuating network conditions, dy-
namic user interactions, and content-specific perceptual constraints that
lay the groundwork for the thesis’s contributions to robust, generalizable

ABR strategies in immersive media streaming.

1.6 Research Contributions

This thesis makes three original contributions to the field of adaptive bitrate
immersive multimedia streaming across diverse network scenarios. The

main novel contributions of this thesis are as follows:

Contribution 1: EDGE360: Edge-Enabled Multi-Agent DRL for Region-
Aware Rate Adaptation Solution to Enhance Quality of 360° Video Stream-
ing [19].

Contribution 2: METAVV: A Viewport-Adaptive Spatial Saliency Based

Meta-Reinforcement Learning Framework for Perceptual-Aware Volumetric

Video Streaming [20].
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Contribution 3: A Survey on Artificial Intelligence Techniques for Im-
proved Rich Media Content Delivery in a 5G and Beyond Network Slicing
Context [1].

The novel contribution EDGE360 [19], is an edge-assisted MADRL frame-
work that applies COMA-based bitrate adaptation across spatial video re-
gions using viewport prediction and VMAF-guided quality estimation for
360-degree video streaming. The strategy employs the COMA policy gradi-
ent algorithm to optimize bitrate distribution across three spatial regions:
viewport, marginal, and background, using real-time viewport prediction
and VMAF-based tile quality estimation. The streaming problem is modeled
as a POMDP [21], where agents operate cooperatively under the guidance
of a centralized critic. Each agent observes local environment metrics such
as throughput, buffer occupancy, and predicted head orientation to make
informed bitrate decisions.

EDGE360 is evaluated against state-of-the-art approaches, including
Reinforcement Learning-based Adaptive Prediction and Tiling for 360° video
(RAPT360) [22], 360° Sequential Reinforcement Learning (360SRL) [23], and
Buffer Occupancy-based Lyapunov Algorithm for 360° video (BOLA360) [24],
demonstrating notable gains in average reward, QoE fairness, and bitrate
utility. By combining deep ML with region-based tiling and edge process-
ing, EDGE360 addresses both the delivery efficiency and quality adaptation
challenges faced by immersive content systems in 5G and beyond networks.
This makes it a strong candidate for future deployment in real-world mul-
timedia platforms seeking scalable, intelligent content distribution mecha-
nisms.

Building on the insights and limitations identified in earlier adaptive
streaming frameworks such as EDGE360, this research extends region-
aware bitrate adaptation into the more complex domain of volumetric video
streaming (VVS) through a novel client-centric Meta-RL based solution termed
METAVV. Unlike conventional DRL-based ABR solutions that rely on fixed

policies and extensive retraining, METAVV equips each client with a lightweight
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Meta-RL agent that rapidly adapts bitrate and LoD decisions using latent
context inference from recent network conditions, viewport dynamics, and
perceptual feedback.

The proposed adaptive VVS solution targets segmented point-cloud con-
tent and integrates a distance-aware PCQM-based perceptual quality model,
enabling bitrate decisions that explicitly align resource allocation with the
perceptual relevance of spatial regions in a 6-DoF environment. In contrast
to throughput-driven ABR strategies, METAVV employs region-prioritized
adaptation, assigning differentiated importance to viewport, marginal, and
background regions based on predicted user attention and viewing distance.
This design allows the system to preserve high-fidelity geometry in percep-
tually critical regions while aggressively reducing bitrate for less salient con-
tent.

By leveraging meta-learning-based policy generalization, METAVV demon-
strates the effectiveness of fast-adapting, client-driven intelligence in ad-
dressing the unique challenges of volumetric streaming, including massive
data volumes, spatial-temporal complexity, and highly dynamic network
conditions. Extensive evaluation confirms that METAVV delivers improved
QOE stability, faster adaptation, and superior generalization across unseen
content and network scenarios.

The thesis also includes a comprehensive survey that discusses Al-driven
advancements for intelligent content-centric networking, predictive stream-
ing, cache optimization, and secure slice-aware traffic management. Cen-
tral to these advancements is the integration of MEC and CDN, which shifts
computational resources and storage to the network edge to satisfy the
ultra-low latency and high-throughput demands of immersive media [3]. By
leveraging edge computing functionalities, the proposed survey highlights
how Al models ranging from standard ML to complex DRL are reshaping
edge-assisted slice orchestration and media delivery through localized, real-
time decision-making. These edge-centric intelligence models enable proac-

tive content prefetching and dynamic resource allocation, successfully miti-
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Figure 1.4: Overview of Research Contributions in Immersive Media Deliv-
ery.

gating the bottlenecks of traditional core-dependent architectures in future

5G and beyond environments.

1.6.1 Overview of Research Contributions in Immersive Media

Delivery

Fig. 1.4 presents a high-level overview of the immersive media delivery
solution proposed in this thesis. This illustrates the interaction among
the client, network, and server entities through RESTful interfaces. The
yellow-colored modules represent functionalities primarily aligned with the
EDGE360 solution, such as dynamic video tiling, tile quality estimation, and
multi-agent learning for bitrate adaptation. The green-colored modules re-
flect contributions of the METAVV framework, including region-based LoD
selection, viewport prediction, and meta-learning-based bitrate decision.
The modules highlighted in blue pertain to the contribution of the network
slicing survey, including SDN/NFV slice orchestration, MEC-assisted re-
source management, and content-aware delivery through CDNs. Arrows
represent control and data flow across the pipeline, from viewport-driven
bitrate requests to chunk delivery. This architectural breakdown captures

the integration of Al-based decision-making, edge intelligence, and network
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slicing technologies across the media pipeline from content generation on

the server to viewport-aware decoding on the client.

1.7 Organization of the Thesis

This thesis is organized as follows:

* Chapter 1 - Presents the research motivation, problem statement, re-

search objectives, and main contributions of this thesis.

¢ Chapter 2 - Provides a technical background on enabling technologies,
including network slicing, MEC, video quality metrics, Al, Meta-RL,

and DRL-based rate optimization frameworks.

* Chapter 3 - Surveys recent research efforts and identifies the research
gaps related to intelligent rich media delivery over 5G and beyond net-

works.

¢ Chapter 4 - Introduces the EDGE360 framework, a COMA-based MADRL
solution for viewport-aware adaptive 360° video streaming, leveraging
tile granularity, VMAF scoring, and edge-assisted bitrate allocation to

enhance QoE and fairness.

¢ Chapter 5 — This chapter introduces METAVV, a client-centric frame-
work Meta-RL for adaptive streaming of segmented VV content. The
proposed system employs a meta-learner that enables perceptually
guided, distance-aware bitrate adaptation at the client side, improv-
ing generalization across diverse network scenarios and unseen con-

tent distributions.

¢ Chapter 6 - Summarizes the main findings of this research and out-

lines potential directions for future work.
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1.8 Chapter Summary

The introduction chapter presents the motivation, challenges, problem state-
ment, and research context for the adaptive and efficient delivery of rich
media content in 5G and beyond networks. It outlines the limitations of
traditional streaming architectures and emphasizes the need for intelligent
and perceptually aware adaptation strategies. The chapter highlights the
role of Al-enabled network slicing, edge intelligence, and client-side learning
in improving the QoE of immersive media services. This chapter highlights
the main novel contributions of the research work performed, such as the
EDGE360 framework for tile-based 360° video streaming using viewport pre-
diction and COMA-based bitrate adaptation, and the METAVV framework
for VV streaming, which employs client-side Meta-RL and PCQM-guided
bitrate selection to enable scalable and generalizable streaming under dy-
namic network conditions. In the following chapters, these contributions

will be described in detail.
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Chapter 2

Technical Background

The rapid growth of immersive media applications such as VR, AR, XR, and
VV has introduced stringent requirements on latency, throughput, and user-
perceived QoE in modern networks. These demands have accelerated the
evolution of 5G and 6G network systems and highlighted the importance of
Al-driven adaptation mechanisms deployed at the network edge. This chap-
ter presents the technical background relevant to this thesis, focusing on ABR
streaming, immersive media representations, and learning-based optimiza-
tion techniques. Particular emphasis is placed on MEC-enabled architectures
and reinforcement learning paradigms, including DRL, MADRL, and Meta-RL,
which enable real-time, perceptually aware, and client-centric streaming de-
cisions. These foundations underpin the proposed EDGE360 and METAVV

Jrameworks for scalable and intelligent immersive media delivery.

2.1 Adaptive Bitrate Streaming and DASH

The Dynamic Adaptive Streaming over HTTP (DASH)! has become the de
facto standard for Hypertext Transfer Protocol (HTTP)-based video delivery,
enabling streaming clients to dynamically adapt media quality based on
real-time measurements such as estimated throughput and buffer occu-

pancy [25]. As depicted in Fig. 2.1, a rich media source—such as 360° or

lhttps:/ /github.com/dash-industry-forum/dash.js/
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VV is encoded into multiple quality representations (e.g., 8-20 Mbps) and
described through a Media Presentation Description (MPD). These repre-
sentations are hosted on a Server and Network DASH (SAND)/DASH server
that responds to client-side HTTP segment requests.

Traditionally, ABR algorithms reside at the client side and operate heuris-
tically to select bitrate levels based on local observations. However, in het-
erogeneous wireless environments characterized by dynamic bandwidth,
congestion, and competing users, particularly for immersive media like VR,
AR, XR, and VV, these heuristic schemes often fail to deliver consistent
QoE [26]. This limitation becomes even more pronounced when streaming
high-resolution tiled and volumetric content, which demands fine-grained
bitrate allocation, low latency, and responsiveness to spatial importance
(e.g., viewport focus areas) [27, 28].

To address these limitations, recent research has focused on Al-driven
and network-assisted solutions. Notably, SAND introduces server and network-
assisted streaming enhancements by exposing performance metrics and
network information to guide adaptation decisions. Moreover, DRL-based
ABR approaches have demonstrated promise in learning policies that opti-
mize long-term QoE, outperforming hand-crafted heuristics.

The illustrated architecture (Fig. 2.1) integrates SAND/DASH stream-
ing with a 5G network slice managed by SDN/NFV controllers. The Al-
enabled slice dynamically selects the optimal path and bandwidth alloca-
tion based on application-level metadata (e.g., MPD) and predicted user
demand. Through integration with CDN and ICN mechanisms, this design
ensures that content segments are delivered efficiently, while Al modules at

the edge support intelligent ABR decision-making for the DASH client.
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Figure 2.1: Al-enabled DASH-based streaming over SDN/NFV 5G network
slices with client-side and server-side coordination [1].

2.2 Network Slicing and Edge Computing Landscape
for Rich Media Delivery

5G and future 6G networks are poised to revolutionize the delivery of AR,
VR, XR, and 360-degree content by supporting ultra-reliable, low-latency,
and high-throughput transmission via edge computing enabling technolo-
gies. A foundational enabler of this transformation is network slicing, which
allows multiple virtualized and service-specific logical networks to run on
top of shared physical infrastructure. According to recent industry fore-
casts, network slicing is expected to support around 30% of future 5G and
6G use cases, especially for immersive content delivery, with market valu-
ations ranging from $45 billion to $200 billion by 2030 [29, 30]. Organiza-
tions such as 3rd Generation Partnership Project (3GPP) and International
Telecommunication Union (ITU) have specified minimum service and in-
frastructure requirements for 5G and 6G systems to enable differentiated
performance across slices. These include significant improvements in data
rates (up to 1 Tbps), latency (down to 0.1 ms), bandwidth utilization (up to
100 GHz), and device connectivity (up to 10% devices/km?) [8, 31]. These ca-
pabilities directly support resource-intensive applications such as UHD/8K

video and immersive VR/XR experiences.
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However, to meet such demands effectively, especially for rich media
streaming scenarios, intelligent resource allocation is required at both core
and edge levels. Our research work targeted this problem by proposing a
MADRL-based rate adaptation framework for DASH-enabled video delivery.
It emphasized fairness-aware bitrate optimization across multiple clients
sharing edge bandwidth and laid the groundwork for the more advanced
edge-enabled framework.

The later chapters in this thesis extend the network slicing vision by
leveraging edge intelligence and viewport-based tiling to dynamically allo-
cate bitrates across video regions employing multi-agent DRL-based policy
gradients frameworks. These systems align directly with the performance
objectives of 5G and 6G slices and demonstrate how Al-driven content de-
livery architectures can achieve scalability, responsiveness, and perceptual

quality in future media ecosystems.

2.2.1 MEC-Enabled 5G and Beyond Network for Rich Media Ap-

plications

The integration of Al with MEC-enabled 5G and beyond networks offers con-
siderable advantages for enhancing the delivery of rich media content. MEC
extends traditional network capabilities by bringing computing and storage
closer to the end-user at the network edge, enabling ultra-low latency opera-
tions, context-aware processing, and real-time service responsiveness [32].
This edge shift significantly enhances QoS and QoE for immersive media
services such as AR, VR, XR, and VV streaming.

The MEC servers deployed at the edge can locally cache, transcode, and
deliver media segments tailored to individual users. Real-time inference
using ML models allows the system to predict user behavior, content pop-
ularity, and network load patterns. Based on these predictions, content
is adaptively compressed and delivered through optimal paths, reducing

bandwidth overhead and minimizing playback interruptions.
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In advanced frameworks MEC nodes can also host reinforcement learning-
based models (e.g., MADRL), allowing distributed actors (at clients) and cen-
tralized critics (at the edge) to collaboratively optimize video delivery [33].
The actor-critic framework enables adaptive bitrate and tile quality alloca-
tion based on viewport prediction, buffer status, and fluctuating network
conditions [34].

Moreover, Al-driven analytics at the MEC layer enhance proactive schedul-
ing and resource provisioning. For instance, if multiple users in a smart city
environment are accessing volumetric content, the MEC node can predict
peak usage intervals and prefetch high-demand content to avoid congestion
[35].

Fig. 2.2 illustrates an Al-enabled MEC-based network slicing architec-
ture supporting diverse verticals, including smart cities, automotive sys-
tems, remote healthcare, volumetric media, and industrial XR use cases.
Each vertical is served by dedicated and distributed MEC servers positioned
close to the next-generation Node B (gNB) (next-generation Node B) units
to enable ultra-low-latency and context-aware content delivery. In this ar-
chitecture, MEC servers are not merely caching or forwarding units—they
also host Al models and MADRL agents responsible for making real-time
decisions related to resource allocation, media adaptation, and network or-
chestration. For instance, in healthcare and aviation, where latency and
security are paramount, the MEC nodes dynamically adapt the content
resolution and delivery paths. Similarly, in automotive and smart home
environments, the MEC layer ensures seamless mobility and personalized
media rendering. VV streaming, which requires high bandwidth and dy-
namic tiling, benefits from MEC-based predictive analytics, where Al mod-
els forecast user interaction patterns and prefetch relevant media segments
accordingly. This distributed intelligence results in highly efficient and im-
mersive service delivery across a wide range of network slicing scenarios in

5G and beyond.
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To conclude, MEC-enabled architectures form a foundational pillar of
5G and future 6G networks by decentralizing computation and enabling
intelligent, localized service delivery. Through the synergy of Al, MADRL,
and network slicing, MEC not only meets the stringent QoS requirements
of rich media content but also proactively enhances user QoE across di-
verse verticals. By embedding decision-making capabilities at the network
edge, the architecture supports scalable, adaptive, and personalized deliv-
ery of AR/VR/XR and VV services. This design ultimately paves the way for
context-aware, resilient, and high-performance immersive media ecosys-

tems, making it indispensable for future network infrastructures.
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Figure 2.2: Al-Enabled MEC-Based Network Slicing Architecture for 5G
and Beyond Networks. The MEC servers serve as local adaptation and
decision-making nodes to support low-latency and high-reliability de-
livery for immersive media such as AR/VR/XR and VV across verticals
including healthcare, automotive, smart cities, and tourism.

2.3 Perceptual Quality Metrics for Immersive Media

Delivering immersive media such as 360° video and volumetric content re-

quires quality assessment mechanisms that go beyond traditional signal-
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based metrics (e.g., PSNR or SSIM), which often fail to correlate with human
perception in highly interactive and spatially complex environments. In this
context, perceptual quality metrics play a critical role in guiding adaptive
streaming decisions by explicitly modeling how users perceive visual qual-

ity under varying content, viewpoint, and network conditions.

2.3.1 VMATF for 360° Video

VMATF is a perceptual video quality metric developed by Netflix 2. It uses ML
to fuse multiple elementary metrics. It is currently the gold standard for
high-resolution video streaming. VMAF is a perceptual video quality met-
ric developed to reflect subjective human viewing experience better. VMAF
combines multiple quality indicators, such as detail loss, structural dis-
tortion, and temporal artefacts, using machine learning models trained on
large-scale subjective datasets. For 360° video, VMAF can be extended with
viewport-aware weighting, where tiles within the user’s FoV are assigned
higher importance than marginal and background regions. This is particu-
larly important for HMD-based viewing, where users only perceive a subset
of the full spherical scene at any given time.

Within ABR streaming architectures, VMAF enables quality-driven adap-
tation by allowing bitrate decisions to be optimized directly against percep-
tual gain rather than raw bitrate or resolution. As a result, bandwidth
can be preferentially allocated to visually important regions, improving per-

ceived quality while maintaining network efficiency.

2.3.2 PCQM for Volumetric Point Clouds

PCQM is a perceptual quality metric for 3D point clouds that quantifies the
visual quality of volumetric content by accounting for both geometry and
color-related impairments. For VV, which is typically represented using
point clouds or mesh-based 3D structures, conventional 2D video quality

metrics are not applicable. PCQM has emerged as an effective perceptual

2https://github.com/Netflix/vmaf
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metric for evaluating volumetric content by jointly considering geometric
distortion, point density variation, and color fidelity [36]. PC@QM models
how spatial inconsistencies and surface degradation impact human per-
ception during 6-DoF navigation.

PCQ@QM is particularly well-suited for adaptive volumetric streaming, in
which different LoDs or mesh resolutions are transmitted based on the
user’s viewpoint, distance, and interaction patterns. By quantifying per-
ceptual degradation across spatial regions, PCQM enables intelligent bitrate
and LoD selection that aligns transmission decisions with perceived visual
importance.

Both VMAF and PCQM serve as critical feedback signals for perceptually
aware ABR control. Instead of relying solely on network-centric indicators
such as throughput and buffer occupancy, these metrics allow adaptive
streaming systems to optimize decisions toward maximizing user-perceived
QoE. In immersive media architectures, perceptual metrics are integrated
into the reward formulation or utility models used by learning-based adap-
tation algorithms, ensuring that bitrate selection, region prioritization, and
quality switching directly reflect visual impact. This perceptual grounding
is essential for achieving efficient, scalable, and user-centric delivery of im-

mersive media in 5G and beyond networks.

2.4 Viewport Prediction and Region-Based Bitrate Pri-

oritization

In immersive media applications such as 360° video, VR, AR, XR, and VV,
users are presented with a panoramic or fully navigable scene that far ex-
ceeds the instantaneous human field of view. At any given moment, only
a limited spatial region referred to as the viewport is perceptually relevant
to the user. Delivering uniformly high quality across the entire scene is
therefore inefficient and often infeasible under bandwidth constraints. This

observation has motivated the development of viewport-aware streaming
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Figure 2.3: Viewport prediction and region-prioritized bitrate allocation
with MEC-based streaming.

mechanisms that selectively allocate resources according to user attention
[37, 38].

Conventional ABR algorithms operate on a segment-level abstraction
and are largely agnostic to spatial perception, treating all regions of a video
frame equally [39]. Such approaches are suboptimal for immersive con-
tent, where perceptual importance varies significantly across spatial re-
gions. Viewport prediction combined with region-based bitrate prioritiza-
tion addresses this limitation by aligning transmission decisions with pre-
dicted user focus, thereby improving perceptual efficiency while reducing

unnecessary bandwidth consumption.

2.4.1 Viewport Prediction with FoV Probability Maps

Viewport prediction aims to estimate a user’s future viewing direction over
a short prediction horizon, enabling proactive adaptation of content qual-
ity. These models typically leverage temporal correlations in head orienta-
tion, eye gaze trajectories, and inertial sensor readings collected from head-
mounted displays or client devices. Learning-based predictors may further

exploit personalized viewing patterns to improve accuracy over time [40, 41].
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As illustrated in Fig. 2.3, a user-specific prediction model M; generates
a Field-of-View (FoV) probability map P;(6, ¢) over the spherical projection
of the content. Here, (6,¢) denote angular coordinates corresponding to
longitude and latitude, and P;(0, ¢) quantifies the likelihood that a given
spatial location will be viewed by user i in the near future. Regions with
higher probability mass correspond to anticipated gaze directions, while
lower values indicate background areas with limited perceptual relevance.

FoV probability maps provide a continuous and interpretable represen-
tation of user attention, allowing adaptive streaming systems to move be-
yond binary viewport definitions. They also offer robustness against minor
prediction errors by distributing importance across neighboring regions. In
this thesis, the detailed modeling assumptions and learning mechanisms
used for viewport prediction in both 360° and VV formats are presented in

Chapters 4 and 5.

2.4.2 Region Prioritization and Bitrate Allocation via MEC

Once the FoV probability map is available, the immersive scene is spatially
partitioned into tiles or regions, each assigned a priority level according to
its predicted perceptual importance. As depicted in the right-hand side of
Fig. 2.3, tiles are commonly grouped into three categories: high priority tiles
corresponding to the predicted viewport, medium priority tiles covering the
marginal region surrounding the viewport, and low priority tiles represent-
ing the background.

Each priority class is associated with a target bitrate level, denoted as
R RM) and R, respectively. These bitrates determine the encoding
resolution or fidelity allocated to each tile group. In edge-assisted architec-
tures, this mapping is performed by a MEC-enabled server that has access
to both user-level prediction information and real-time network state. By
situating this decision-making process at the edge, latency is reduced, and
adaptation becomes more responsive to rapid changes in user behavior or

channel conditions.
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This region-aware bitrate allocation strategy ensures that visual fidelity
is maximized where it matters most, while conserving bandwidth in per-
ceptually less significant areas. At the same time, proximity-based delivery
from the MEC layer helps mitigate stalls and rebuffering events, which are

particularly detrimental in immersive applications.

2.4.3 Mathematical Formulation

Let B,(t) denote the available bitrate budget for user i at time ¢, as estimated
from throughput and buffer dynamics. The objective of region-based bitrate
allocation is to maximize the expected perceptual utility subject to this bud-

get constraint. This can be expressed as:
K K
i .t < Bi(t), 2.1
rg%X;P(k) QRy) st ;Rk < Bi(t) (2.1)

where k indexes the set of spatial tiles, P;(k) denotes the viewport probabil-
ity associated with tile k£, and Q(Ry,) represents a perceptual quality function
evaluated at bitrate R;. Depending on the media format, Q(-) may corre-
spond to metrics such as VMAF for 360° video or PCQM for volumetric point
cloud content.

This formulation explicitly couples perceptual relevance with bitrate se-
lection, enabling adaptive streaming policies that are aligned with human
visual attention. Rather than maximizing raw bitrate or minimizing re-
buffering alone, the system optimizes a weighted perceptual objective that
reflects the user’s expected viewing experience [24, 27].

The joint use of viewport prediction and region-prioritized bitrate adap-
tation has been shown to significantly reduce transmission overhead while
preserving or even enhancing user-perceived quality. Nevertheless, several
challenges persist, including the accurate prediction of rapid head move-
ments, the graceful handling of prediction errors, and scalable coordina-

tion across multiple users sharing edge resources. The algorithmic strate-
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gies employed to address these challenges in the proposed frameworks are

detailed in the subsequent chapters of this thesis.

2.5 Fairness in Adaptive Streaming Systems

In multi-user adaptive streaming environments, fairness is a fundamental
design objective that complements throughput efficiency and perceptual
quality optimization. As immersive media services such as 360° video and
VV increasingly rely on shared wireless and edge resources, ABR decisions
made for one client can directly impact the QoE of other users. Conse-
quently, adaptive streaming systems must ensure that resource allocation
mechanisms do not systematically favor a subset of users while degrad-
ing the experience of others, particularly under bandwidth-constrained or
highly dynamic network conditions.

Fairness in adaptive streaming generally refers to the equitable distri-
bution of network and computation resources such that all active clients
achieve a comparable level of perceived quality over time. In practice, un-
fairness may manifest as persistent bitrate starvation, excessive rebuffer-
ing, or frequent quality oscillations for certain users, especially those with
weaker channel conditions or disadvantaged spatial locations. These effects
are amplified in immersive media delivery, where viewport-dependent qual-
ity, tile-level adaptation, and heterogeneous device capabilities introduce
additional complexity beyond conventional 2D video streaming.

Several notions of fairness have been explored in the context of net-
worked multimedia systems. One widely adopted quantitative measure is
Jain’s Fairness Index, which evaluates how evenly a given performance met-

ric, such as bitrate allocation or QoE, is distributed among users. For a sys-

tem serving N clients with QoE values {z1,z2,...,zx}, the index is defined
as: )
J = (i) (2.2)
N Zz]\il a? ' .
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A value of J close to unity indicates a high degree of fairness, whereas
lower values reveal increasing disparity among users. While this metric pro-
vides a concise numerical assessment, it does not capture temporal vari-
ations or perceptual relevance, which are critical in immersive streaming
scenarios [42].

Beyond static fairness, adaptive streaming systems must also address
temporal fairness, ensuring that each user experiences stable quality over
time without abrupt degradations. This requirement is particularly impor-
tant for virtual and augmented reality applications, where sudden drops
in visual quality or prolonged buffering events can significantly disrupt
user immersion. In region-aware streaming systems, fairness must further
account for spatial heterogeneity, as different regions of the media con-
tent (e.g., viewport versus background) carry different perceptual impor-
tance. Without appropriate safeguards, aggressive prioritization of high-
importance regions for some users may inadvertently reduce the overall
fairness of the system.

The emergence of edge-assisted and learning-based streaming architec-
tures has enabled more sophisticated fairness-aware control mechanisms.
In such systems, fairness can be incorporated directly into the decision-
making process by coupling perceptual quality metrics with global system
observations. For instance, centralized and semi-centralized controllers de-
ployed at the MEC layer can observe aggregate network conditions and user-
level performance indicators, allowing them to moderate individual adapta-
tion decisions to maintain balanced QoE across clients. This approach is
particularly relevant in multi-user environments where independent client-
driven ABR algorithms may otherwise behave selfishly [43].

RL-based adaptive streaming frameworks further extend fairness mod-
eling by embedding it within the optimization objective. By augmenting the
reward function with fairness-sensitive terms, learning agents can be en-
couraged to maximize long-term collective QoE rather than instantaneous

individual gains. This formulation enables adaptive policies that dynam-
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ically trade off efficiency and equity, leading to more stable and socially
optimal outcomes under fluctuating network conditions [44].

Overall, fairness-aware adaptive streaming is a critical component of
scalable immersive media delivery in 5G and beyond networks. By jointly
considering perceptual quality, temporal stability, and multi-user resource
sharing, fairness mechanisms ensure that advanced adaptive streaming ar-
chitectures deliver not only high average performance but also consistent
and equitable user experiences. This foundational concept underpins the
design of modern Al-driven streaming systems and motivates the integra-
tion of fairness considerations in subsequent algorithmic and architectural

developments presented in this thesis.

2.6 Al-Assisted Optimization Techniques for 5G and

Beyond Networks

To support scalable and intelligent adaptation for rich media content, this

thesis leverages a range of Al paradigms:

2.6.1 Reinforcement Learning

RL enables an agent to learn optimal decision-making by interacting with
an environment to maximize cumulative rewards over time. RL methods are
broadly classified as model-based and model-free approaches [45], as shown
in Fig. 2.4. Model-based methods rely on accurate environment modeling
and utilize Markov Decision Process (MDP) for planning through dynamic

programming:

V(s) = Zp(s’,r]s,ﬂ(s))[r—i—’yV(s')] (2.3)

where V (s) is the expected return from state s under policy 7, and 7 is

the discount factor. The corresponding policy improvement step is:
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Figure 2.4: RL/DRL Techniques: Model-based vs. Model-free [3]

m(s) = arg max Zp(s', rls,a)[r + vV (s')] (2.4)

s’ r!
Model-free RL, such as Q-learning, bypasses environment modeling and
directly learns value functions. It is particularly suited for complex, high-
dimensional problems but suffers from sample inefficiency and instability.

The Q-learning update is given by:

Qs.a) < Q(s,0) + |r +7max Q(s',a') — Qs,a) (2.5)

Here, Q(s,a) denotes the expected reward of taking action « in state s,
with updates guided by observed reward r, learning rate «, and future Q-

values [46, 47].

2.6.2 Deep Reinforcement Learning

The heterogeneous services and immersive applications demanded by rich
media consumers within 5G and 6G MEC-enabled SDN/NFV-based net-
work slicing architectures require intelligent and adaptive control strategies.
Among various Al-based models, DRL techniques have emerged as the most
promising approaches due to their robustness, scalability, generalization
ability, transparency, and security. These models support multi-objective

optimization and MADRL-based learning, making them ideal for resource
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allocation, caching, and scheduling tasks in dynamic and heterogeneous
network environments, as shown in Fig. 2.5.

Unlike traditional RL, DRL algorithms can autonomously learn abstract
representations of complex state spaces, manage high-dimensional and con-
tinuous action domains, and dynamically adapt policies based on QoE-
driven metrics for personalized media delivery. For example, COMA-based
actor-critic architectures and hybrid MADRL strategies have been applied to
optimize ABR decisions in tile-based 360° VR streaming and VV rendering.

Hybrid DRL combines discrete and continuous state-action represen-
tations. Algorithms like H-PPO[48], H-MPO[49], MP-D@QNI[50], and Prior-
itized Experience Replay Actor-Critic Deep Deterministic Policy Gradient
(PA-DDPQG) leverage the strengths of both paradigms, optimizing user ex-
perience in adaptive streaming and fine-grained QoS resource allocation.
They reduce dimensionality, enable better decision interpretation, and offer
dynamic policy adaptation to real-time network and user context variations.

In MEC-enhanced network slicing, MADRL agents can be deployed at

multiple network tiers:

* MEC Tier: Agents can adapt media chunk bitrates based on real-time

network feedback and QoE predictions.

* Core Tier: Orchestrators and controllers utilize DRL-based policies
to optimize traffic routing, Virtualized Network Functions (VNF) place-
ment, inter-slice coordination, and MEC resource and cache manage-

ment.

Efficient communication among these agents is enabled through REST-
ful APIs and interfaces such as E2AP in Open Radio Access Network (Open-
RAN). Hybrid models like PA-DDPG and multi-agent Deep Deterministic
Policy Gradient (DDPQG) rely on such infrastructures to share environment

feedback and optimize policies collaboratively.
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Figure 2.5: DRL techniques for handling continuous, discrete, and hybrid
state-action spaces [3]

2.6.3 Counterfactual Multi-Agent Policy Gradients (COMA)

COMA [18] is a multi-agent actor-critic method designed for settings in
which multiple agents must coordinate under a shared objective while learn-
ing decentralized policies. A common training paradigm used by COMA is
centralized training with decentralized execution (CTDE): each agent executes
its own policy based on local observations, but training leverages a central-
ized critic that can condition on global state information and the joint action
of all agents.

Let s; denote the global state at time ¢, o} the local observation of agent
i, and w; = (u},...,u}) the joint action. Each agent has a stochastic actor
policy 7y, (u? | o}), while the centralized critic estimates the joint action-value
function Q4(s¢,u;). A key challenge in cooperative multi-agent learning is
credit assignment: determining how each agent’s action contributed to a
global outcome. COMA addresses this using a counterfactual baseline that
marginalizes over agent i’s actions while keeping other agents’ actions fixed.

The counterfactual baseline for agent i is:

bi(se,u; ') =Y 7o, (u' | 0f) Qp (st (u,u; ")) (2.6)

w't
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where u;’ denotes the actions of all agents except i. The corresponding

counterfactual advantage is:

Ai(st,up) = Qo(se,us) — bi(se, ut_i)' 2.7

Using this advantage, each actor is updated via a policy-gradient objec-
tive:

Vo, J(0;) = E |V, log mg, (ul | o) Ai(se,uy) |- (2.8)

Intuitively, COMA increases the probability of agent actions that improve
the joint action-value beyond what would be expected if the agent sampled
alternative actions from its current policy, thus encouraging coordinated

behavior and reducing misattribution of global rewards.

2.6.4 Meta-Reinforcement Learning for Adaptive Streaming

Meta-RL refers to a class of learning algorithms that aim to optimize the
capacity of an agent to adapt rapidly to new tasks and environments em-
ploying limited interaction data [51]. Rather than learning a fixed policy for
a specific environment, Meta-RL methods seek to learn a learning strategy
effectively, how to learn which enables generalization across a distribution
of tasks. This capability is particularly valuable in dynamic and heteroge-
neous networked environments, such as those supporting immersive media
streaming, where real-time adaptation to unseen content and network con-
ditions is critical.

Meta-RL extends conventional reinforcement learning by enabling agents to
rapidly adapt their decision-making policies to new tasks or environments
using limited interaction data. Instead of optimizing a policy for a single
stationary MDP, Meta-RL considers a distribution of tasks, where each task
corresponds to a distinct MDP sampled from a task distribution P(7). The
primary objective is to learn a meta-policy that can efficiently generalize
across tasks and adapt to unseen conditions with minimal additional expe-

rience.
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Formally, each task 7; is defined by an MDP:
Ti = (S,A,pi(s’]s,a),ri(s,a),7>, (2.9)

where S and A denote the shared state and action spaces, p; and r; rep-
resent task-specific transition and reward functions, and v € (0,1) is the
discount factor. The goal of Meta-RL is to learn a policy mp that maximizes

the expected return across the task distribution:

maX E7.wpm [ [Z*y ri(st, at ” , (2.10)

where 7 denotes a trajectory sampled under task 7;.

2.6.5 Categories of Meta-Reinforcement Learning

Existing Meta-RL approaches can be broadly categorized into two major
paradigms: gradient-based meta-learning and context-based (latent-variable)

meta-learning [52].

2.6.5.1 Gradient-Based Meta-Reinforcement Learning

Gradient-based Meta-RL methods aim to learn policy parameters that can
be rapidly fine-tuned to a new task using a small number of gradient up-
dates. A representative example is Model-Agnostic Meta-Learning (MAML),

where the meta-objective is formulated as:

mln Z L. (0 —aVeLlr(0)), (2.11)

Ti~P(T)
with a denoting the inner-loop learning rate. While effective, such ap-
proaches require differentiable environments and can suffer from high com-
putational overhead due to second-order gradient computations, limiting

their applicability in real-time systems.
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2.6.5.2 Context-Based Meta-Reinforcement Learning

Context-based Meta-RL methods address these limitations by inferring a
latent task representation directly from observed experience, avoiding ex-
plicit gradient-based adaptation. In this paradigm, a latent variable z is

introduced to encode task-specific information:
z ~ qy(2 | D), (2.12)

where D = {(s¢, ar, ¢, S¢+1)} represents a set of recent transition tuples, and
¢4 is a learned inference model. The policy is then conditioned on this latent
context:

mo(ar | s¢, 2). (2.13)

This formulation enables the agent to adapt its behavior by updating the
inferred context z rather than directly modifying policy parameters, result-

ing in faster and more stable adaptation [53].

2.6.6 Probabilistic Embeddings for Actor-Critic Reinforcement

Learning (PEARL)

PEARL is a prominent context-based Meta-RL framework that models task
uncertainty through probabilistic latent variables [54]. PEARL employs an

encoder network that infers a posterior distribution over latent contexts:
qs(2 | D) = N'(ug(D),03(D)), (2.14)

where 14 and o4 are learned functions of the experience buffer D. The latent
variable z conditions both the actor my(a|s, z) and critic Qy(s, a, z) networks
within an off-policy actor-critic framework.

The learning objective combines the expected return and a regularization

term that encourages informative yet compact latent representations:

£ = B, [Lru(0,0:2)] + BKL (g5(= | D) | p(2)) (2.15)
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where p(z) is a prior distribution and 5 controls the strength of the regu-
larization. This probabilistic treatment enables structured exploration and

robust generalization across diverse tasks.

2.6.7 Applications of Meta-Reinforcement Learning

Meta-RL has been successfully applied in robotics, autonomous navigation,
recommendation systems, and networked systems, where rapid adaptation
to non-stationary environments is essential. In communication and multi-
media systems, Meta-RL is particularly attractive due to its ability to gen-
eralize across heterogeneous network conditions, user behaviors, and con-
tent characteristics. By learning task-invariant priors and inferring task-
specific context online, Meta-RL frameworks offer a principled approach
to real-time decision-making in dynamic environments, making them well-

suited for next-generation adaptive systems [55, 56].

2.7 Volumetric Video Streaming for Immersive Ap-

plications

VV is an emerging media format that captures three-dimensional (3D) con-
tent, providing users with immersive six degrees of freedom (6-DoF) experi-
ences in AR, VR, and XR environments [57]. Unlike traditional 2D or 360°
video, volumetric content is rendered as dense point clouds or triangle-
based mesh representations, enabling users to navigate scenes freely from
any viewpoint. These rich spatial experiences, however, pose significant
challenges for content transmission due to the high spatial complexity, large
file sizes, and real-time rendering requirements.

To construct such immersive representations, VVS rely on the accurate
capture of 3D geometry, typically represented as navigable mesh grids [58].
One of the most effective techniques for acquiring these mesh grid points is
Laser Detection and Ranging (LADAR), commonly referred to as LiDAR. Li-

DAR sensors work by emitting laser pulses and measuring the time it takes
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for each pulse to reflect off surfaces and return to the sensor, thereby gen-
erating dense 3D point clouds. These point clouds are then processed into
mesh structures suitable for compression and streaming using standards
like V-PCC (Video-based Point Cloud Compression) and MPEG-I [59].

In addition to LiDAR, other depth-sensing technologies, including struc-
tured light sensors (e.g., Microsoft Kinect), time-of-flight cameras, and multi-
view stereo camera arrays, are also utilized to enhance geometric accu-
racy and surface detail. These high-resolution sensing systems are cru-
cial for supporting the 6-DoF experience, enabling users to interact natu-
rally within immersive environments. The resulting detailed 3D data en-
ables advanced streaming mechanisms, including adaptive mesh level se-
lection and perceptual quality optimization, which are critical for delivering
efficient and high-quality volumetric media experiences across bandwidth-
constrained networks.

One of the primary challenges in VVS is the massive data size and high
bandwidth requirement associated with transmitting dense 3D mesh con-
tent in real time. To address these challenges, client-based rate adaptation
strategies have been developed, wherein the user device makes bitrate selec-
tion decisions based on viewport prediction, mesh complexity, and playback
conditions. Fig. 2.6 illustrates a client-driven adaptive volumetric streaming
architecture, where mesh data is transmitted from a server and processed
locally for rendering. The client predicts the user’s viewport and selects a
mesh level (e.g., Level 1, Level 2, Level 3) according to the user’s field of view
and motion patterns. Each mesh level corresponds to different resolutions
and triangle densities, allowing for efficient adaptation based on available
bandwidth.

A key innovation in this pipeline is the integration of meta-learning for
rate adaptation. Instead of relying solely on static rules or traditional ABR
heuristics, a meta-learner is employed to learn and generalize across diverse
streaming environments. This allows the client to rapidly adapt mesh-level

decisions using real-time features such as network throughput, buffer sta-
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Figure 2.6: Client-based adaptive volumetric video streaming architecture.
A meta-learning model dynamically selects mesh levels for bitrate-efficient
playback based on viewport prediction and 3D content complexity.

tus, and spatial complexity of the 3D scene. The meta-learning component
effectively tunes the bitrate selection policy in a personalized and context-
aware manner, making it more robust to dynamic changes in user attention
and device capabilities. Meta-reinforcement learning approaches are being
explored to dynamically tune policies for such high-dimensional content

[60], making this an exciting future direction.

In summary, VVS benefits significantly from combining client-side intel-
ligence with meta-learning-based adaptation. This approach ensures opti-
mal visual quality within constrained bandwidth environments by focusing
bitrate allocation on user-visible regions while maintaining low latency and
high responsiveness. As immersive media continues to evolve, such intel-
ligent frameworks are critical for scalable and personalized 3D content de-
livery in 5G and beyond networks. Hybrid DRL, paired with meta-learning
strategies, offers potential for real-time policy tuning. A MADRL and Meta-

Learning ABR framework can predict viewport-aware bandwidth needs for
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360° Video and volumetric tiles and update streaming strategies based on

evolving user attention and network load.

2.8 Insights from Surveyed Literature

The key concepts above are deeply aligned with findings from the author’s
published survey [3], which reviewed Al-enabled rich media delivery frame-

works within 5G and beyond environments. The survey revealed:

¢ Traditional client-centric strategies cannot cope with emerging content

types or collaborative streaming scenarios.

* Intelligent edge-assisted adaptations are crucial for meeting the low-

latency, high-fidelity demands of XR and volumetric media.

* There is a gap in unified frameworks that jointly optimize QoE, fair-

ness, and edge resource utilization.

2.9 Chapter Summary

This chapter has presented a comprehensive overview of the technical foun-
dations underpinning immersive media streaming in 5G and beyond net-
work environments. It introduced the pivotal role of MEC in enabling ultra-
low latency, edge-assisted processing, and intelligent rate adaptation critical
for emerging applications such as VR, AR, XR, and VV delivery. The chapter
detailed the architectural and streaming challenges associated with next-
generation content formats, particularly 360° video and volumetric point
clouds, focusing on their encoding, tiling, and delivery characteristics. It
also discussed the integration of perceptual quality metrics such as VMAF
and PCQM, which offer objective yet human-aligned assessments of visual
fidelity, thus guiding adaptive bitrate decisions.

Furthermore, the chapter introduced MADRL and meta-reinforcement
learning as key enablers for personalized, context-aware adaptation strate-

gies. Techniques like viewport prediction, region prioritization, and proba-
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bilistic embeddings were explored to support user-centric, QoE-driven stream-
ing. Collectively, these enabling technologies form the conceptual basis
for the advanced immersive streaming architectures proposed in the fol-
lowing chapters, offering a robust and scalable foundation for real-time,

perceptual-aware multimedia delivery in heterogeneous network settings.
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Chapter 3

Related Works

In recent years, the delivery of rich media content such as 360° VR/AR/XR
and VV experiences over 5G and beyond networks has become increasingly
complex due to diverse application demands, user mobility, and stringent
QoS/QoE requirements. This chapter reviews the most relevant research di-
rections that underpin this domain and, crucially, highlights the shortcom-
ings and limitations of existing approaches at the intersection of intelligent
network slicing, MEC, CDN, and adaptive streaming. It begins by examin-
ing Al-assisted network slice orchestration and service differentiation in het-
erogeneous environments, while emphasizing persistent limitations such as
slow responsiveness to rapid traffic dynamics, limited cross-layer coordina-
tion, and inadequate support for immersive traffic bursts. It then surveys
MEC-enabled CDN architectures for DASH-based immersive streaming (e.g.,
tiling, caching, and quality estimation), noting common gaps including imper-
Ject viewport awareness, overheads due to fine-grained tiling/ packaging, and
suboptimal fairness under multi-user contention. The chapter also reviews re-
cent work on VV delivery, including DASH-compliant segmentation, learning-
based optimization of bitrate and geometry levels, and generalization-oriented
adaptation; however, many existing solutions still struggle with robust per-
ceptual modeling (e.g., geometry-aware metrics), partial observability of user
behavior, and fast adaptation across unseen network and content conditions.

Overall, the identified limitations motivate the need for innovative Al-driven,
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user-perception-aware, and scalable adaptation solutions, which are intro-
duced in this thesis.

Relationship to published work: Parts of the literature review and tax-
onomy presented in this chapter build upon the author’s published survey
article: F. E. Subhan, A. Yaqoob, C. H. Muntean, and G.-M. Muntean, “A
Survey on Artificial Intelligence Techniques for Improved Rich Media Con-
tent Delivery in a 5G and Beyond Network Slicing Context,” IEEE Commu-
nications Surveys & Tutorials, vol. 27, no. 2, pp. 1427-1487, April 2025.
The published material has been reorganised, updated, expanded, and in-

tegrated into the broader technical context of this thesis.

3.1 Existing Surveys and Tutorials on AI-Enabled Net-

work Slicing

The growing demand for intelligent network management in 5G and beyond
networks has led to a surge in the literature addressing the role of Al in net-
work slicing and orchestration. Barakabitze et al. [61] presented an exten-
sive survey on 5G network slicing based on SDN and NFV, including orches-
tration strategies across multiple domains. Although the authors outlined
major industry efforts and architectural components; the survey lacked fo-
cus on Al-based adaptive mechanisms for immersive content delivery. In
a related work, Barakabitze et al. [62] categorized QoE management into
SDN/NFV, MEC/ICN/cloud, and service-level-based strategies for rich me-
dia applications. However, neither survey addressed DASH-based stream-
ing or advanced ML solutions for perceptual quality-aware adaptation.
Dangi et al. [63] reviewed ML-based slice lifecycle security but did not
assess the impact of these algorithms on performance metrics such as QoS,
latency, or throughput. Similarly, Ssengonzi et al. [64] investigated Deep RL
in 5G slicing but overlooked commercial media delivery use cases. Yaqoob

et al. [15] addressed DASH-based 360° streaming, highlighting spatial tiling
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and network-assisted edge delivery, but did not explore ML-based optimiza-
tion within network slices.

Phyu et al. [65] provided a comprehensive view of ML for RAN and core
slice resource allocation, while Nauman et al. [66] examined QoS and QoE
aspects for multimedia IoT. Neither explored DASH integration nor immer-
sive content in Al-sliced environments. Spinelli et al. [67] focused on MEC
standardization but did not compare intelligent ICN/CDN-assisted delivery
techniques for multimedia.

Shen et al. [68] discussed Al-enabled RAN slicing, user association, and
edge caching, yet lacked insight into SDN/NFV-based content-aware ser-
vices. Agarwal et al. [13] emphasized resource management for 5G HetNets
but missed out on integrating Al-driven slicing for high-throughput rich
content. Cao et al. [69] tackled slice-level security in SDN/NFV architec-
tures but did not account for multimedia traffic patterns or ML-enhanced
content protection.

Wyszkowski et al. [70] contributed a vendor-agnostic design-time slicing
model but ignored streaming-specific use cases or Al-supported provision-
ing. Coronado et al. [71] outlined Zero-Touch Management (ZTM) using
Al for slice automation, although without consideration of multimedia de-
mands. Similarly, Santos et al. [72] focused on MEC for ultra-low-latency
services (e.g., VR, AV) but lacked discussion on high-throughput streaming
or DASH frameworks.

Shen et al. [73] introduced a 6G architecture integrating Al, digital twins,
and virtualization, yet concentrated only on vehicular networks. Lee et
al. [74] proposed a federated learning-based network orchestration frame-
work but did not consider DRL or rich media-specific scenarios. Finally,
Ebrahimi et al. [75] evaluated E2E slice resource management but over-
looked MEC/CDN-based delivery for immersive multimedia.

As summarized in Table 3.1, while many surveys address aspects of
Al-enabled network slicing, the authors either overlook the role of DASH

streaming or limit their scope to specific optimization problems or vertical
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use cases. For example, [61, 62, 69, 70] do not integrate Al with adaptive

rich media delivery, and [15] lacks slicing integration. Others like [13, 63—

65] are narrow in focus, while [71-75] explore broader architectures with-

out grounding in content-centric streaming challenges. This thesis bridges

these gaps by proposing Al-enabled, DASH-based network slicing for rich

media delivery. It focuses on joint QoE optimization, intelligent resource

management, and perceptual-quality-driven adaptation. The following sec-

tions review research leveraging SDN, NFV, MEC, and CDN to support im-

mersive, quality-oriented streaming in 5G and beyond networks.

Table 3.1: Summary of related surveys and tutorials [3].

Ref. Main con- Al techniques Rich Scope and limitations
tribution media
/ DASH

[61] |Management and |Al-enabled net- X Covers 5G slicing based on
orchestration of |work slicing is SDN, NFV, MEC, cloud com-
multi-domain not considered. puting, and virtual contain-
network slices. ers.

[62] |QoE management|Al-enabled net- v Reviews SDN/NFV-based
for immersive AR, |work slicing is slicing for QoE-aware DASH
VR, mulsemedia, | not considered. delivery using MEC, ICN,
and gaming appli- and cloud computing.
cations.

[63] | Network-slice ML-based slice X Focuses on SDN/NFV-
lifecycle man- | management enabled slicing for security
agement and | and security. and lifecycle management.
security.

[64] |ML applications|ML, RL, and DRL X Reviews SDN-, NFV-, and
in network slic-|for slice lifecy- MEC-assisted slice manage-
ing for 5G and|cle management ment and operation.
beyond. and operation.

[15] |End-to-end adap- |Partial cov- v Reviews adaptive 360° video
tive delivery of|erage of RL- delivery but does not address
360° video. and DRL-based network slicing.

adaptation.

[65] |Traffic forecast-|ML-based slice X Covers SDN-, NFV-, and
ing, admission | control and MEC-assisted traffic and re-
control, and re-|resource man- source management.
source allocation | agement.
in network slicing.

[66] |Network-slicing Partial ML- X Focuses on SDN-, NFV-, and
technologies for |based M-IoT ICN-enabled M-IOT applica-
Multimedia  In-|resource man- tions.
ternet of Things |agement.
applications.
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Table 3.1 - continued from the previous page

Ref. Main con- Al techniques Rich Scope and limitations
tribution media
/ DASH

[67] |MEC standardisa- | ML-based re- X Reviews SDN- and MEC-
tion and resource | source manage- assisted application-level re-
provisioning  for | ment for selected source management.

VR, AR, and |use cases.
e-health.

[68] |Al-enabled RAN |Al-based RAN X Addresses SDN/MEC-
slicing, RAT se-|slicing, RAT se- assisted caching, content
lection, edge | lection, and user delivery, and RAN resource
caching, and | association. management.
content delivery.

[13] |Interference, RL- and DRL- X Does not comprehensively
power control, | based RAT examine network slicing
and wuser asso-|selection, power for RAT, power, and user-
ciation in 5G| control, and association management.
heterogeneous user association.
networks.

[69] |Security and | Al-enabled net- X Reviews SDN/NFV-based
privacy in 3GPP-|work slicing is slice security for appli-
compliant 5G | not considered. cations including D2D
network slicing. communication and IdT.

[70] |Vendor-agnostic |Al-enabled net- X Focuses on design-time as-
and standards- |work slicing is pects of network slicing for
aligned design of|not considered. 5G and beyond networks.
network slices.

[71] |Al-assisted net-|{DL, RL, DRL, X Reviews zero-touch manage-
work slicing | and FL. ment for 5G/6G networks,
and  zero-touch with emphasis on slicing and
network manage- Al integration.
ment.

[72] |MEC-based slic-|DL, RL, DRL, X Examines Al integration
ing for low-latency | and FL. in MEC-assisted slicing
VR, XR, and for emerging low-latency
autonomous- services.
driving applica-
tions.

[73] |6G  architecture | Digital twins, Al- X Proposes Al-assisted 6G net-
based on virtual-|enabled slices, work management and slice
isation, network|and data-driven orchestration.
slicing, and Al. methods.

[74] |Federated- FL and partial X Focuses on  FL-assisted
learning-enabled |DRL coverage. mobile-network manage-
mobile-network ment and network slicing.
and slice manage-
ment.

[75] |Cross-domain Partial coverage X Reviews resource-
and end-to-end|of DL, RL, and management challenges

network-slice
resource manage-
ment.

DRL.

in cross-domain and end-to-
end 5G/6G slicing.
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Table 3.1 - continued from the previous page

Ref. Main con- Al techniques Rich Scope and limitations
tribution media
/ DASH
This |Al-enabled net-|DL, RL, DRL, v Examines how Al
thesis |work slicing for|and FL for in- slicing-enabling  technolo-
improved rich- | telligent content gies jointly improve adaptive
media delivery. delivery. rich-media delivery.

3.2 MEC-Enabled 5G and Beyond Network Slicing for

Rich Media Applications

Integrating Al with MEC-enabled network slicing presents substantial ad-
vantages for rich media delivery by pushing compute and storage resources
closer to end users. MEC enables latency-sensitive processing tasks such
as video prefetching, caching, encoding, and adaptation to be executed at
the network edge. When empowered with ML, MEC can predict content
demand, classify traffic, and allocate resources in a manner that ensures
seamless adaptive streaming and enhanced user QoE [76].

Behravesh et al. [77] applied Random Forest and Inductive Logic Pro-
gramming (ILP) techniques at the MEC node for predictive caching of DASH
segments, reducing access delay and backhaul utilization. Similarly, Uriol
et al. [78] compared ML-based classifiers for segment bitrate prefetching,
with Random Forest yielding high CHR and bandwidth savings. However,
these approaches are primarily optimized for 2D content delivery and do
not account for the complex spatiotemporal requirements of volumetric or
360° video content.

Siriwardhana et al. [79] provided a comprehensive review of MEC-enabled
mobile AR systems and technical network slice challenges. Yang et al.
[80] utilized Graph Neural Networks (GNNs) for collaborative cloud-edge VR
caching, improving Cache Hit Rate (CHR) and QoE. Domeke et al. [81] pro-
posed RL-based orchestration among SDN controllers for edge slicing, while

Kao et al. [82] used regression-based QoE prediction to enhance MEC slice
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planning. These solutions, although innovative, lack mechanisms to adapt
to rapidly changing user viewport patterns in immersive streaming sessions.

Several studies leverage DASH-enabled segment prefetching and ML for
low-latency multimedia delivery. Armijo et al. [83] adopted segment transcod-
ing and popularity-based caching at the MEC using Least Popular Used
(LPU) strategy, outperforming Least Frequently Used (LFU) and Least Re-
cently Used (LRU) in CHR and QoE metrics. Other DASH-based ML caching
systems [84-89] optimized ABR and resource allocation. However, these
works often ignore viewport quality variations across 360° videos, and do
not incorporate cross-user adaptation strategies to maximize fairness and
consistency.

To address this, Xiao et al. [90] proposed a MADRL-enabled framework
that jointly considers 360° VR transcoding, caching, and streaming, im-
proving CHR and delay. Zeng et al. [91] further modeled FoV-aware bitrate-
caching optimization for multi-category videos using Multi-agent Soft Actor-
Critic, showing substantial QoE gains. Nonetheless, these works still focus
primarily on individual user optimization and do not fully consider client
diversity or fairness in resource allocation.

EdgeDRL-based tile-level solutions also show promise. Chen et al. [92]
proposed edge-assisted multi-user bitrate adaptation, while Shi et al. [93]
applied actor-critic MADRL for cooperative multicasting across multi-cloud
MECs. The latter outperformed Advantage Actor-Critic (A2C), LRU, LFU,
and First in First out (FIFO) caching on the large dataset for multi-modal
person identification (iQIYI) [94]. However, many of these frameworks were
evaluated in simplified settings and do not consider long-term fairness or
video perceptual quality as optimization targets.

Al-aided offloading mechanisms are essential for reducing complexity
and energy consumption. Pan et al. [95] presented a MEC-based offloading
framework using mixed-integer nonlinear programming and Alternating Di-
rection Method of Multipliers (ADMM) [96] to balance inference load, latency,

and recognition accuracy for AR. Similarly, Xu et al. [97] applied Deep Deter-

51



ministic Policy Gradient (DDPG) [98] to optimize VR computation offloading,
while Jia et al. [99] combined Reconfigurable Intelligent Surface (RIS) and
MADRL for VR streaming optimization, improving association, power, and
phase-shift controls. However, these systems still lack fully decentralized,
self-adaptive coordination among edge clients in real time.

Resource allocation using Proximal Policy Optimization (PPO) [100] and
DRL for hierarchical slicing was explored by Kim et al. [101], while Wang
et al. [102, 103] modeled Mobile Virtual Network Operator (MANO) utility
maximization in MEC slicing using DDPG and twin-actor DRL. These works
showed significant utility and performance improvements for multimedia
slice orchestration. Yet, the authors did not dynamically adjust adaptation
strategies based on real-time perceptual feedback (e.g., VMAF) or inter-client
QoE comparisons.

For VR slicing, Liu et al. [104] and Du et al. [105] used Asynchronous
Advantage Actor-Critic (A3C) [106] and decoupled DRL strategies to optimize
energy, latency, and viewpoint rendering. Their results validated long-term
QoE and energy savings in MEC-driven VR networks. Despite this, their
architectures were limited to single-user environments and were not evalu-

ated for highly concurrent multi-client streaming sessions.

3.2.1 Edge Intelligence for Media-Aware Adaptation

MEC-assisted techniques are particularly significant for 360° video stream-
ing, as scalability is needed to handle large bandwidth requirements and
multiple users engaging with the dynamic network. By utilizing network-
based strategies, these approaches improve user monitoring and involve-
ment while guaranteeing scalable and effective 360° video content delivery.
Suzhi Bi et al. [107] introduced a two-stage ABR strategy that improves
client QoE by employing FoV tiles prediction and multimedia pre-caching
for 360° video streaming on MEC networks. The technique utilizes a double-
agent DRL architecture to dynamically modify bitrates in real time to reduce

wireless fading of channels and FoV tiles’ incorrect predictions, resulting
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in reliable video playback. The authors of [108] presented a framework
that employs a reinforcement learning-based bitrate adaptation strategy
and MEC for better FoV tiles prediction to optimize 360° video streaming
over cellular networks. The adaptive bitrate strategy minimizes bandwidth
costs and optimizes streaming quality, while the FoV prediction integrates
time-series models and video attributes to increase reliability. Nevertheless,
in multi-user settings, the algorithm may not take into account multiple
viewers simultaneously viewing 360° videos, which could result in scala-
bility challenges and reduced QoE. Recently, Shi et al. [109] presented a
meta-RL-based framework for real-time edge video analytics to react swiftly
to the dynamic state of the system and different QoE patterns. However,
their single-user-based adaptation model does not allow coordinated multi-
user optimisation and real-time 360° video streaming. These solutions do
not provide cross-client perceptual fairness or dynamic coordination under

bandwidth contention.

3.2.2 MEC-based QoE Fairness and Multi-Client Optimization

In contrast to the discussed work, to overcome the constraints of single-
user-focused algorithms and optimize QoE for several users simultaneously
streaming 360° videos. Li et al. [110] introduced high-quality interactive VR
collaboration for multiple users by exploiting edge computing. The authors
effectively reduced VR service latency, improved rendering performance, re-
duced computing load on the VR device, and ultimately improved users’
QoE. Recently, an edge-based ABR solution was considered to optimize the
client’'s QoE and QoE fairness at the edge. In [91, 111-113], authors uti-
lized the edge-based intelligent ABR algorithms for joint QoE optimization.
These researchers used MADRL techniques to improve QoE fairness among
clients and obtained high average client QoE levels. However, these solu-
tions struggled to fulfill the demands of multiple clients and were hesitant to
make judgments that would ultimately be in their best interests, since rich

media content optimization was not taken into consideration while design-
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ing them. These solutions do not address client heterogeneity in spatial and
perceptual preferences or adaptively allocate tiles based on VMAF-aware pri-
orities across concurrent streams.

Table 3.2 summarizes Al-empowered MEC-based slicing strategies. DASH-
assisted caching/prefetching methods leveraging EL and DL [77, 78, 84,
85] yielded reduced delay and enhanced CHR. In multi-user immersive
setups, RL and MADRL solutions [90-92] showed scalable QoE enhance-
ments. MEC orchestration schemes based on GNN, regression, and DRL
[80-82] demonstrated improved adaptability and precision. In [91, 111-
113], authors utilized the edge-based intelligent ABR algorithms for joint
QoE optimization. These solutions do not yet provide robust cross-user co-
ordination or perceptual-aware adaptation at the tile level. Future work
should deepen integration of RL, MADRL, and GNN models for scalable
360° media delivery, computation offloading, and context-aware adaptive

streaming over MEC-enabled network slicing.

Table 3.2: Al-based optimised content-delivery approaches over MEC [3].

Main ob- Ref. Model Key contribution Data and Evaluation
jective setup
[77] EL Improves cache-hit ratio Synthetic; Objective
(CHR) for DASH streaming. simulation QoS metrics
[78] EL Improves CHR and Synthetic; Objective
DASH-based network-data utilisation for testbed QoS metrics
prefetching DASH segments.
and caching [83] EL + RL |Jointly adapts segment| Synthetic and Objective
prefetching, caching, and| real-world; QoS and
edge transcoding. simulation QoE metrics
[84] EL + RL |Evaluates dynamic seg-| Synthetic and Objective
ment prefetching for ABR| real-world; QoS and
streaming. simulation QoE metrics
[85] DL Performs intelligent seg- Synthetic; Objective
ment  prefetching and| simulation QoS and
client-side rate adaptation. QoE metrics
[86] DL Increases average bitrate| Synthetic and Objective
and reduces rebuffering. real-world; QoE metrics
simulation
[87] DRL Uses edge prefetching| Synthetic; Objective
and caching to improve| simulation QoE metrics
adaptive-streaming QoE.
[88] DRL Improves QoE using buffer- Synthetic; Objective
state and bandwidth-| simulation QoE metrics
dynamics awareness.
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Table 3.2 - continued from the previous page

Main ob- Ref. Model Key contribution Data and Evaluation
jective setup

[89] EL Reduces delivery latency, Real-time Objective
cost, and backhaul load for data; QoS metrics
DASH. simulation

MEC-enabled [80] GNN Improves client' QoE e'md Real—tiTne Objective
network CHR for VR-service require- ' data,' QoS anc'i
management ments. . . 51mula}t10n QoE .me‘Frlcs
[81] RL Enables intelligent edge-| Synthetic and Objective
sliced networks for low-| real-world; QoS metrics
latency video. simulation
[82] Regression | Supports QoE manage- Real-time Objective
ment for AR and VR| data; testbed QoS and
applications. QoE metrics
[93] DRL Reduces service delay Real-time Objective
and backhaul congestion data; QoS metrics
through multicasting. simulation
MEC-based [90] MADRL | Enables multi-agent Real-time Objective
caching and transcoding, caching, data; QoS metrics
transcoding and streaming for 360° VR| simulation

video.

[91] MADRL | Provides QoE-aware multi- Real-time Objective
agent transcoding and edge data; QoS metrics
caching for 360° video. simulation

[92] MADRL |Supports multi-user 360° Real-time Objective
VR caching, transcoding, data; QoE metrics
and streaming. simulation

. [95] Al Reduces inference delay Real-time Objective
Computation . . . . .
offloading inference gnd computatlon .Cf)st while . data,_ QoS metrics
improving recognition. simulation

[97] DRL Optimises computation of- Real-time Objective
floading for VR-video pro- data; QoS metrics
cessing. simulation

[99] DRL Uses RIS assistance to re- Real-time Objective
duce latency and optimise data; QoS metrics
VR-rendering offloading. simulation

[101] RL Performs adaptive resource Real-time Objective
allocation for rich media in| data; testbed QoS metrics

Resource -
management ml}ltl—layer' ME C. - - —

[102] DRL Jointly optimises radio and | Synthetic; Objective
estimation resources under | simulation QoS metrics
QoS constraints.

[108] DRL Optimises utility-based | Synthetic; Objective
resource distribution in| simulation QoS metrics
MEC-enabled slicing.

[104] DRL Improves viewport predic- Real-time Objective
tion and rendering while re- data; QoS metrics
ducing VR latency. simulation

[105] DRL Supports immersive VR Real-time Objective
streaming over terahertz data; QoS metrics
wireless networks. simulation
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3.3 MEC-enabled CDN for DASH-based Rich Media Con-

tent Streaming

CDNs are often employed for DASH-based delivery of rich media content
like AR, VR, XR, and 360-degree videos, and many are enabled by MEC.
Generally, CDNs are designed to optimize content delivery by distributing
content among numerous servers that have been carefully placed in diverse
geographical areas to offer the best and most efficient services. Particularly,
MEC-enabled CDNs ensure that media content is cached and stored on the
edge servers that are closer to end clients [114]. Such locations improve the
overall streaming quality and reduce latency, especially for rich immersive
content, which requires both high throughput and low latency.

Lately, CDNs have gained prominence for delivering rich video content
[115]. The need for engaging and aesthetically pleasing experiences is a key
driver of the rising consumer demand for viewing appealing video content.
Video content meets customers’ demands for multimedia participation in
the digital age by offering a dynamic and engaging approach to consuming
news, entertainment, and narratives. At the same time, edge media pro-
cessing has been introduced as a critical component of 3GPP Release 17!,
taking advantage of the 5G system’s edge characteristics to benefit various
multimedia applications and content suppliers [116]. Apart from introduc-
ing new media transfer protocols, the 3GPP TR 26.8042 and TR 21.9053 also
address network slicing, content preparation, edge-based rich multimedia
processing (i.e., MEC), background data transmission, and improvements to
backhaul and low-latency rich media streaming via DASH [117]. Therefore,
MEC-enabled CDN in a network slicing context can be a promising solution
to optimally assign resources to meet the specific service performance re-
quirements of rich media content users. However, these efforts primarily

target static content delivery and do not fully capture the real-time dynam-

'https:/ /www.3gpp.org/specifications-technologies /releases/release-17
2TR 26.804: "Study on 5G media streaming extensions”
3TR 21.905: "Vocabulary for 3GPP Specifications”
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ics and viewport variability of 360° streaming scenarios involving multiple
concurrent users.

To meet the growing demand for high-bandwidth applications, major
content providers such as Apple TV+, Amazon Prime Video, YouTube, Face-
book, and others employ Over-The-Top (OTT) systems built on CDN architec-
tures [118]. Abbasi et al. [119] introduced a novel Stall Duration Tail Prob-
ability (SDTP) model to minimize video delays in CDN-based OTT systems
by considering constrained cache sizes, server selection, and throughput-
aware allocation policies. Farahani et al. [120] proposed a hybrid peer-to-
peer CDN model utilizing unsupervised learning through Self-Organizing
Maps (SOM) to adaptively serve peer requests with low latency and improved
QoE. These models are effective in reducing stall durations and improving
average QoE, but the authors largely rely on content popularity estimation
without considering perceptual quality scores such as VMAF or adapting to
user-specific field-of-view data.

In support of dynamic live content delivery, Moreno et al. [121] used a
DRL-based framework deploying a deep Q-Network for context-aware re-
source provisioning in streaming systems. Similarly, Ozcelik et al. [122]
combined ABR and playback speed optimization using an A2C model to
maintain high user QoE in live streaming scenarios. However, these works
are primarily optimized for 2D video and do not consider the tile-based,
viewport-adaptive demands of 360° video streaming.

Due to the limited visibility of traditional CDN topologies, server selection
remains suboptimal. To address this, Tran et al. [123] proposed a multi-
armed bandit (MAB)-based selection model integrated with a centralized
SDN controller in a distributed CDN network. Their experimental setup,
built using ONOS and MININET, showed superior response time and reward
metrics. However, this framework lacks integration with perceptual quality
metrics and user feedback loops, which are essential in immersive media

applications.

57



Hayes et al. [124] developed a lightweight neural network model dis-
tributed over a peer-to-peer multipath transport network for optimizing ABR
in 360° VR streaming. Their solution integrated RL-based ABR adapta-
tion, achieving lower disruptive FoV switches and improved estimated Mean
Opinion Score (eMOS) [125] in comparison with baseline models such as
Deep Q Network (DQN) and A3C. While promising, this method does not
generalize well to multi-user MEC environments with shared resources and
fairness constraints.

Prefetching and caching have further enhanced CDN capabilities. Deep-
Cache [126] introduced a deep Recurrent Neural Network(RNN)-based per-
sonalized caching mechanism using Long Short-term Memory (LSTM) en-
coders for predicting content popularity. Shi et al. [127] proposed a QoE-
oriented DNN caching and prefetching framework using edge servers, achiev-
ing up to 57% chr improvement and 29% higher QoE over five objective met-
rics. However, these designs typically optimize at a session level and do not
consider viewport-aware prediction or the granularity of tile-level adapta-
tion necessary for volumetric or 360° video formats.

For 360° video content, Uddin et al. [128] employed a random forest
model to predict video segment popularity for CDN-assisted caching. Sadeghi
et al. [129] designed a hyper DQN-based two-level caching mechanism that
coordinates caching actions across central and root nodes. Berger et al. [130]
applied model-based RL for optimal CDN caching decisions, enhancing CHR
and throughput with reduced tuning overhead. While these approaches in-
troduce predictive mechanisms, the authors still fall short in synchronizing
perceptual quality with caching and streaming decisions across heteroge-
neous user contexts.

CDN systems consist of multiple geographically distributed Points of
Presence (PoPs) managed by Global Server Load Balancing (GSLB). DNS
resolves client requests to the optimal PoP, and load balancing ensures ef-
fective caching and content delivery. At the mobile edge, Tahmasebi-Pouya

et al. [131] proposed a Q-learning-based load balancing framework for time-
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critical healthcare applications, achieving better response time and execu-
tion delay. Yet, similar intelligent load balancing strategies have not been
widely adopted in 360° video streaming scenarios, where client demands
and bitrate requirements vary significantly by viewport and device con-

straints.

Table 3.3: Al-based optimised content-delivery approaches over CDN [3].

Main Ref. Model Key contribution Data and Evaluation
objective setup
Mobile-edge [132] DL Develops a f:ontent— Synthetic and Objectiv.e
caching }‘eplacement poh'cy to real-world QoE metrics
improve cache efficiency. data; testbed
[133] DRL Prioritises mobile VR con- Real-time Objective
tent delivery at the edge. data; QoE metrics
simulation
[134] RL Optimises CDN cache- Real-time Objective
admission decisions to data; QoOE metrics
improve CHR. simulation
[135] DL + DRL |Personalises live crowd- Real-time Subjective
Edge- casting and improves| data; testbed and objective
based ABR network assignment. QoE metrics
optimisation [136] DRL Applies neural ABR control Real-time Objective
to improve user QoE. data; QoE metrics
simulation
[137] DRL Scales neural ABR optimi- Real-time Objective
sation to Facebook’s pro- data; QoE metrics
duction video platform. simulation
[138] DRL Improves aggregate QoE Real-time Objective
and fairness among multi- data; QOE metrics
ple clients. simulation
[124] RL Optimises ABR decisions Real-time Objective
over multipath networks. data; QOE metrics
simulation
OTT video [120] |UnsupervisgdJses online learning to op- Real-time Objective
. SOM timise OTT-video QoE. data; testbed QoS and
streaming .
QoE metrics
[121] DRL Improves QoE and QoS Real-time Objective
through higher session- data; QoS and
acceptance rates. simulation QoE metrics
[122] DRL Jointly optimises user QoE Real-time Objective
and playback speed. data; QoE metrics
simulation
[126] DL Improves CHR compared Synthetic Objective
Content with LRU and K-LRU poli- and real- QoS and
prefetching cies. world data; QoE metrics
and caching simulation
[127] DL Uses cooperative learning Real-time Objective
to improve CHR and QoE. data; QOE metrics
simulation
[128] DL Improves bandwidth ef- Real-time Objective
ficiency and wuser QoE data; QoE metrics
through edge caching. simulation
[129] DRL Applies two-level network Synthetic Objective
caching to optimise user data; QoS metrics
QoE. simulation
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Table 3.3 - continued from the previous page

Main Ref. Model Key contribution Data and Evaluation
objective setup

[130] RL Provides a lightweight and Real-time Objective
robust strategy for improv- data; QoS metrics
ing CHR. simulation

[131] RL Reduces response time and Synthetic Objective

Load o .
. network latency while im- data; QoS metrics
balancing - . .
proving load balance. simulation

[139] DL Performs QoE-aware load Real-time Objective
balancing for OTT content| data; testbed QoS and
over CDN. QoE metrics

[140] DL Improves network utilisa- Synthetic Objective
tion while reducing delay data; QoS metrics
and traffic load. simulation

[141] DL Uses server logs for Real-time Objective

Resource . .
learning-based  resource| data; testbed QoS metrics
management
management and QoE
improvement.

[142] DRL Optimises resources in dy- Real-time Objective
namic edge environments| data; testbed QoS metrics
and reduces service time.

[143] LSTM Improves CDN- Real-time Objective

+ DNN | performance prediction data; QoS metrics
and resource scheduling. simulation

3.3.1 CDN-based Resource allocation for efficient QoE require-

ments

Resource allocation based on CDN can meet the stringent latency and band-
width needs of rich media streaming. Through QoE-driven analysis, Lobanov
et al. [141] used CDN server logs to train a neural network that predicted
QoE metrics (e.g., bitrate, caching events) without client-side measurement.
However, such inference methods may not effectively capture perceptual
satisfaction or temporal smoothness in dynamically changing user environ-
ments such as XR or volumetric applications.

Furthermore, Wang et al. [142] proposed a DRL-based resource orches-
tration scheme to minimize service delay in edge environments, surpassing
traditional Open Shortest Path First (OSPF)-based strategies [144]. Li et
al. [143] applied a deep learning model combining LSTM and Deep Neural
Network (DNN) for predicting CDN performance, enabling better resource
scheduling and improved QoE accuracy with minimal training overhead.
Nevertheless, these studies lack attention to cross-client fairness and real-

time feedback control in immersive environments, which are key for sup-
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porting multi-user QoE stability. Table 3.3 summarizes key works on Al-
driven CDN content delivery strategies. While traditional CDN platforms
offer scalable distribution, integrating Al models such as DRL, DNNs, and
classification algorithms enables predictive caching, dynamic routing, per-
sonalized QoE optimization, and latency-aware resource management. These
methods have shown significant performance gains in immersive and delay-
sensitive applications, including 360° VR, live events, and OTT streaming.
Nevertheless, future research must explore federated learning, zero-touch
orchestration, and fairness-aware models in CDN-enhanced network slicing
for delivering high-throughput multimedia services. In particular, there is
a need for viewport-aware caching and VMAF-driven adaptation that jointly
optimize QoE and fairness across multiple concurrent 360° video users.
Our proposed work addresses these gaps through an edge-intelligent COMA
MADRL framework that aligns CDN resource allocation with perceptual

quality metrics and multi-user adaptation priorities.

3.4 Adaptive Streaming for Volumetric Video

VVS introduced in chapter 1 has emerged as a pivotal technology in enabling
immersive 6-DoF experiences where users can freely navigate within a 3D
scene. Unlike conventional 2D or 360° video, volumetric content comprises
dense spatial point clouds or mesh representations, offering both transla-
tional and rotational interaction. However, the massive data volumes and
real-time rendering requirements present formidable challenges for stream-
ing over bandwidth-constrained and variable network conditions. To ad-
dress these challenges, several research efforts have explored diverse strate-
gies for bitrate adaptation, geometry prioritization, and perceptual quality
enhancement. These can broadly be categorized into three research direc-
tions: (i) DASH-compliant segmentation and adaptive delivery, (ii) learning-
based bitrate and geometry optimization, and (iii) generalization-centric qual-

ity adaptation frameworks.
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3.4.1 DASH-compliant segmentation and adaptive VV delivery

Early works in adaptive streaming for volumetric content focused on ex-
tending DASH principles to volumetric formats. For example, VV-DASH
introduced a codec-agnostic segmentation framework aimed at facilitat-
ing rate adaptation for point cloud content using standard DASH mech-
anisms [145]. However, this segment-based approach operates at a coarse
temporal level and lacks viewport awareness, which is crucial for immersive
scenarios where user attention is spatially focused and dynamic. Moreover,
it does not consider perceptual quality metrics specific to 3D content, such
as PCQM or V-PCC quality indices, which limits its effectiveness in maxi-
mizing user QoE. Other streaming systems, such as ViVo [146] and Rolling
Prediction-Optimization-Transmission (POT) [147], improve data transfer ef-
ficiency through viewport-based pruning techniques. By leveraging head-
tracking or FoV predictions, the authors discard occluded or non-visible
point cloud regions, thereby achieving significant reductions in bandwidth
consumption. Rolling POT further integrates a prediction-optimization-
transmission loop for real-time decision-making. Nevertheless, while these
solutions enhance responsiveness and reduce latency, the authors often
suffer from degraded performance when viewport prediction errors or sud-
den motion transitions occur, leading to rebuffering or visible degradation
artifacts.

To address the limitations of viewport-agnostic methods, newer frame-
works have incorporated real-time viewport estimation and region-aware
geometry prioritization. For instance, the approach in [148] fuses pose pre-
diction with adaptive mesh segmentation, allowing prioritized delivery of
salient geometry segments under bandwidth constraints. Similarly, stud-
ies such as GROOT [149] and its variants [150] employ geometry-driven
compression and integrate wireless adaptation layers to optimize delivery
in mobile edge environments. These systems focus on content-aware point

cloud delivery but lack robustness when faced with dynamic or unseen user
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behavior and network conditions, often resulting in unstable QoE. This mo-
tivates the need for adaptive schemes that go beyond handcrafted heuristics
and embrace learning-based approaches capable of generalizing across di-

Verse scenarios.

3.4.2 Learning-based bitrate and geometry optimization

The integration of ML techniques has significantly improved the adaptability
and intelligence of VVS solutions. Liu et al. proposed Vues, an edge-assisted
multiview transcoding framework that adaptively selects multiple 2D views
from volumetric sources using lightweight CNNs [151]. This system strate-
gically balances perceptual gain and bandwidth usage, effectively improv-
ing QoE without overwhelming the network. Building on viewport-driven
streaming, YuzuVV employs a neural network for real-time head movement
prediction and integrates geometry-awareness to focus bandwidth on visi-
ble volumetric segments [152]. Such approaches demonstrate the potential
of combining learning models with perceptual and spatial priors, but the
authors remain tightly coupled to specific network conditions and content
profiles, thereby struggling to generalize.

Further advancements are seen in CaV3 [153], which utilizes Long Short-
Term Sequential Prediction (LSTSP) models to forecast user viewing tra-
jectories and integrates a contextual multi-armed bandit for caching deci-
sions. This intelligent caching minimizes redundant tile transmission and
improves responsiveness, though its policy remains brittle under severe
viewport shifts or network jitter. In a different direction, VV-based implicit
neural radiance field (V2NeRF) [154] combines explicit point clouds with
implicit neural radiance fields to enable scene-level streaming. By employ-
ing background removal, a two-stage decoupled architecture, and percep-
tual loss-based buffer-aware adaptation, it achieves perceptual efficiency,
but again, the framework is not optimized for generalization across unseen

content or network traces.
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Several RL-based solutions have also been proposed for volumetric ABR
streaming. A notable example is the Rolling POT framework [147], which in-
troduces a rolling horizon approach that incorporates short-window band-
width and FoV forecasts into a DRL-based decision system. This frame-
work significantly improves low-latency streaming performance and real-
time QoE. More recently, Spatial quality oriented rate control for volumetric
video streaming (SQRC-VV) [155] applies DRL to perform spatially aware
rate allocation. It considers mesh distortion, transmission delay, and view-
port consistency in its reward formulation, resulting in better perceptual
outcomes. Despite these innovations, these RL methods lack meta-adaptation
mechanisms that allow rapid retraining or tuning when facing new types of
volumetric content or unforeseen client behavior, leading to performance

drops in out-of-distribution conditions.

3.4.3 Generalization-centric quality adaptation frameworks

Generalization has emerged as a central concern in VVS. The inherent vari-
ability in 3D scenes, ranging from static landscapes to highly dynamic hu-
man interactions, along with user-specific viewport trajectories, demands
adaptive policies that are robust yet flexible. Meta-learning techniques have
been proposed to address this gap. Meta-INR introduces a meta-learned ini-
tialization of implicit neural representations (INRs) that can quickly adapt to
new volumetric datasets using only partial observations and few-shot gra-
dient updates [156]. While effective in improving encoding generalization,
Meta-INR does not address downstream tasks such as viewport prediction,
adaptive bitrate selection, or QoE modeling, which are critical in end-to-end
streaming systems.

In traditional video streaming, several studies have successfully applied
meta-reinforcement learning to improve policy generalization under fluc-
tuating network traces and heterogeneous user conditions. For example,
works like [157-159] use meta-RL to quickly adapt ABR policies to diverse

2D video content, minimizing rebuffering and improving quality switches
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across sessions. However, these frameworks are limited to 2D video delivery
and are not directly applicable to volumetric contexts, where the challenges
of 6-DoF navigation, point-cloud encoding, and region-specific quality are
fundamentally different and more complex.

To this end, some recent volumetric ABR frameworks have started to in-
corporate generalization-aware design principles. Few-shot adaptive bitrate
volumetric video streaming (FewVV) [160], for instance, formulates adap-
tive streaming as a sequence modeling problem and trains a causal trans-
former on large-scale interaction traces to enable few-shot and zero-shot
generalization across content and network conditions. The model outper-
forms several heuristic and RL-based baselines in unseen environments.
Likewise, the saliency-guided meta-learning framework for Gaussian Splat-
ting [161] introduces a region-prioritized QoE model and meta-learned pol-
icy to achieve robust performance in VV delivery under varying spatial dy-
namics and latency conditions. These systems represent significant progress
toward generalization in immersive streaming, though the authors often
overlook the joint optimization of all contributing components, such as head
prediction, point cloud quality, and viewport-driven rate control within a

unified adaptive framework.

3.5 Viewport Prediction and User Behavior Modeling
for 360° VR and Volumetric Video

Accurate modeling of user behavior and prediction of future viewports are
critical components of immersive media streaming systems, particularly for
360° VR and VV formats. To optimize bandwidth and ensure high percep-
tual quality, accurate forecasting of users’ future FoV is essential.

Wahba et al.[162] conducted a comprehensive survey categorizing view-
port prediction techniques into ML and DL-based methods, outlining the
evolution from classical statistical models to data-driven approaches. The

authors emphasized how DL architectures, such as LSTMs, outperform lin-
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ear predictors in capturing the temporal dependencies of head movement
trajectories, especially in dynamic VR content. Building on this, Lee [163]
introduced an LSTM-based model enhanced with attention mechanisms,
which improved prediction accuracy by focusing on salient temporal pat-
terns in user head orientation.

Chen et al.[40] proposed a personalized deep learning framework that in-
tegrates content saliency with user behavior to adaptively forecast user view-
ports in 360° VR videos. The developedmodel demonstrates the advantage
of combining visual attention cues with historical viewing patterns. Simi-
larly, Hou et al. [164] focused on predictive view generation using mobile
trajectory data, introducing an online learning framework that minimizes
latency and optimizes tile delivery based on anticipated user movement.

From a content delivery perspective, Khan et al. [165] investigated the
coupling of viewport prediction with edge caching strategies. Their work
demonstrated that deep learning-based popularity prediction, aligned with
LSTM-driven user movement forecasts, can significantly reduce network
load and improve cache hit rates in 360° VR environments.

Focusing on volumetric video, Hu et al.[166] addressed the complexities
of 6DoF navigation by developing a novel data set and analysis framework
for VV user behavior. Their transformer-based prediction model effectively
captured the spatial-temporal variability in volumetric video exploration,
setting a benchmark for 3D viewport forecasting. Similarly, the STVP model
introduced in [167] leveraged both saliency features and user trajectory fu-
sion to enhance viewport prediction accuracy in VV delivery scenarios.

In addition, Tian et al. [168] proposed a multi-modal multiscale trans-
former architecture that jointly processes gaze, saliency, and head motion
cues to produce robust viewport forecasts. His work demonstrated the po-
tential of transformer-based models to generalize across varying content
types and user behaviors, thereby enabling more adaptive and intelligent
streaming systems. Recently, Li et al. [169] proposed a transformer-based

volumetric Video viewport prediction network (Vp-former) that efficiently ex-
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tracted spatial-temporal features from point cloud videos. It constitutes a
viewport prediction framework that combines the spatial-temporal features
of point cloud videos of user trajectory information with reduced computa-
tional complexity, and successfully predicts future user viewpoints by com-
bining the spatial-temporal features of point cloud videos with user head
trajectory information.

In contrast to the aforementioned approaches, which are limited by im-
perfect viewport/saliency awareness, suboptimal perceptual modeling (e.g.,
geometry-level quality), and weak generalization under dynamic 6-DoF and
network variability, the proposed METAVV framework presented in Chapter
5 represents a comprehensive and generalizable solution to the challenges of
VVS. METAVYV jointly integrates 6-DoF viewport prediction, distance-aware
point cloud perceptual modeling (e.g., using PCQM metrics), and region-
prioritized bitrate selection guided by a QoE-driven reward function. The
core of METAVV is a multi-agent meta-reinforcement learning policy that
learns generalizable adaptation strategies across diverse content, network
traces, viewport trajectories, and user motion behaviors. By employing task
distributions that reflect real-world variability in volumetric scenes and net-
work conditions, METAVV enables rapid adaptation to unseen scenarios
with minimal gradient updates, thereby addressing the scalability and gen-
eralization limitations of traditional DRL and heuristic-based approaches.
Furthermore, METAVV'’s ability to operate across spatial and temporal lev-
els, from densely voxelized versions of the point cloud to adaptive bitrate
switching positions it as a significant advancement in the design of intelli-
gent, perceptually aware, and generalization-ready VVS for next-generation

immersive media delivery.

3.6 Chapter Summary

This chapter presented a review of existing research on Al-enabled adap-

tive streaming for rich media delivery in 5G and beyond network environ-
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ments. The discussion covered major advances in intelligent network sup-
port for immersive applications, including edge-assisted content delivery,
learning-driven bitrate adaptation, and predictive resource management for
AR, VR, 360° video, and volumetric media. Recent surveys and tutorial
works were examined to contextualize the evolution of Al-driven solutions,
while highlighting the growing role of MEC and edge intelligence in meeting
stringent latency and throughput requirements. The chapter further re-
viewed adaptive streaming mechanisms for volumetric video, emphasizing
DASH-compliant segmentation strategies, learning-based bitrate and geom-
etry optimization, and viewport-aware delivery techniques. Reinforcement
learning and multi-agent frameworks have demonstrated strong potential to
address scalability and QoE optimization challenges in dynamic and multi-
user environments. At the same time, emerging research on user behav-
ior modeling and viewport prediction for 360° and VV formats revealed the
importance of perceptual awareness and spatial prioritization in efficient
media delivery.

Despite these advances, existing solutions often exhibit limited robust-
ness when exposed to unseen network conditions, heterogeneous content
characteristics, or diverse user interaction patterns. In particular, many ap-
proaches lack mechanisms for rapid adaptation and generalization across
environments, and do not jointly consider 6DoF user behavior, perceptual
quality metrics, and adaptive rate control within a unified framework. These
limitations motivate the need for adaptive architectures that integrate edge
intelligence, perceptual modeling, and generalization-centric learning. The
insights drawn from this chapter provide the foundation for the proposed so-
lutions presented in the subsequent chapters, which aim to address these
gaps through region-aware multi-agent learning and meta-reinforcement

learning-based adaptive streaming frameworks.
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Chapter 4

EDGE360: Edge-Enabled Multi-
Agent DRL for A Region-Aware
Rate Adaptation Solution to En-

hance Quality of 360° Video Stream-

ing

This chapter presents EDGE360 [19], a novel edge-assisted adaptive stream-
ing framework tailored for 360° VR video delivery in bandwidth-constrained
and latency-sensitive environments. EDGE360 employs three innovations in
terms of viewport prediction, tile-based VMAF-driven quality assessment, and
MADRL to enable intelligent bitrate decisions that are personalized and per-
ceptually optimized. By integrating a centralized critic with distributed actor
agents, this proposed solution ensures collaborative yet client-specific adap-
tations, while accounting for viewport saliency, network state intelligence,
and QoFE fairness across users. EDGE360 serves as a foundational compo-
nent in this thesis, laying the groundworlk _for subsequent Al-driven strategies

Jor immersive content delivery in 5G and beyond networks.
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Relationship to published work: This chapter builds upon the author’s
published article: F. E. Subhan, A. Yaqoob, C. H. Muntean, and G.-M. Muntean,
“EDGES360: Edge-Enabled Multi-Agent DRL for Region-Aware Rate Adapta-
tion Solution to Enhance Quality of 360° Video Streaming,” IEEE Transac-
tions on Mobile Computing, vol. 25, no. 2, pp. 1918-1935, February 2026.
The material has been extended for inclusion in this thesis, including addi-
tional methodological explanations, reproducibility information, sensitivity
analysis conclusion, statistical significance testing, and discussion of eval-

uation limitations.
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Figure 4.1: The EDGE360 video streaming architecture comprises a CDN
server, smart edges, and multiple rich media clients.

4.1 Architecture

Fig. 4.1 illustrates the architecture of the EDGE360 framework. The ar-
chitecture targets adaptive delivery of 360° VR video to multiple clients
via an intelligent edge node. In order to achieve high video quality and
a seamless streaming experience, a sophisticated multi-agent DRL-based
ABR algorithm is executed at the edge, leveraging client-specific inputs
such as viewport prediction, buffer status, and available network band-
width/throughput. Through interaction with a central 360° video server,
the edge node operates as an intermediary: it processes client requests, ap-
plies the learned adaptation policy, and delivers optimized tiled video con-
tent to users. By continuously updating decisions as network conditions

and client demands vary, the edge-side adaptation mechanism sustains
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high QoE for immersive VR streaming. The EDGE360 solution comprises
three primary components: clients, the intelligent edge, and the rich VR

360° video server, which are described in detail below.

4.1.1 Clients

A client in the EDGE360 framework corresponds to an end-user device (e.g.,
a 360° video viewer or a VR headset) that requests and consumes immer-
sive content. Using a RESTful interface, the client requests specific 360°
video segments (and associated tiles) from the intelligent edge node. To
enable informed adaptation decisions at the edge, each client periodically
reports its playback and context status via the Client State Information
(CSI) module. This CSI report includes the client’s measured throughput,
buffer occupancy, and viewport trajectory. The throughput measurements
capture time-varying network capacity and are used by the edge-side adap-
tation algorithm to select feasible bitrate levels. The buffer status enables
the adaptation mechanism to avoid playback disruptions by adjusting qual-
ity when the risk of re-buffering increases. The viewport trajectory informs
region-aware prioritization, allowing the adaptation algorithm to allocate
higher quality to tiles expected to fall inside the client’s viewport. Over-
all, these real-time client reports provide the key inputs required for edge-
side resource allocation and QoE optimization across multiple concurrent

clients.

4.1.2 Intelligent Edge Node and Adaptation Modules

Within the EDGE360 frameworlk, the intelligent edge node is the central ar-
chitectural component that receives client requests and executes the edge-
side adaptation algorithms responsible for bitrate/tile-quality selection and
content delivery. The adaptation logic leverages client-specific inputs, in-
cluding viewport estimations, buffer status, and bandwidth/throughput
availability to compute streaming decisions that aim to reduce latency and

improve resource utilization while maintaining high QoE.
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Figure 4.2: Core intelligent-edge components in EDGE360: the client re-
ports CSI (viewport/head-rotation trajectory, buffer, and throughput) per
chunk (), while the edge performs 360° tiling, VMAF-based tile quality
monitoring, caching, and viewport-prioritized tile/bitrate recommendation

A core module hosted at the intelligent edge node is the 360° video tiling
and quality monitoring module as shown in Fig. 4.2, which enables region-
aware adaptation. Specifically, the server-side 360° content is partitioned
into tiles, where each tile corresponds to a distinct spatial area of the spher-
ical scene. This tiling representation allows the edge-side adaptation algo-
rithm to assign higher quality to tiles expected to fall inside the client’s
viewport and lower quality to tiles outside the FoV, thereby improving per-
ceptual efficiency under constrained bandwidth. Using the client-reported
CSI (head-rotation/viewport trajectory, buffer occupancy, and throughput)
for each chunk C;, the edge-side adaptation mechanism prioritizes higher
quality for tiles likely to fall inside the client’s viewport and allocates lower
quality to tiles outside the FoV, improving perceptual efficiency under con-
strained bandwidth.

To quantify the perceptual quality of each tile, the intelligent edge node
integrates a tile-based Quality Monitor that employs VMAF to score the per-
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ceptual quality of candidate tile representations (quality levels) and guide
viewport-prioritized bitrate allocation.VMAF is a perceptual video quality
metric that uses ML-based fusion of elementary indicators (e.g., detail loss
and structural distortion) to produce a score that correlates with human
visual perception. In EDGE360, tile-level VMAF scores are used to map tile
representations (e.g., small, medium, and large quality levels) into percep-
tually meaningful quality targets. This tile-specific monitoring supports the
edge-side adaptation mechanism in meeting VR users’ visual expectations

while conserving bandwidth by reducing the quality of less perceptually rel-

evant (non-visible) tiles.
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Figure 4.3: COMA-based multi-agent adaptation mechanism, with multi-
ple agents and central critic

The COMA policy network is a specialized MADRL model as shown in
Fig. 4.3, hosted within the intelligent edge node’s rate-adaptation module,
which is a component of EDGE360 framework (shown in Fig. 4.1) as the
decision-making component and manages cooperative decision-making for
adaptive streaming. To carry out this task, the EDGE360 system generates
a state S for each client session based on real-time data. In the COMA-
based multi-agent adaptation mechanism, each client serves as a sepa-
rate agent with its actor-network that learns a policy =, (a, | s,), where a,
denotes actions like bitrate and tile quality selection for the current video

chunk ;. After selecting the action a;, the system updates the state to Sj;1
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based on an updated CSI module and a tiles-based quality monitor. The
actor-network then repeats the process with this updated state for the next
chunk Cj,;. This strategy iteratively adjusts to maximize reward r (s;, a;)
given the current network circumstances. A central critic network assesses
collective agent performance by computing the reward 7 (s;, a;), incorporat-
ing measures such as video optimal streaming, tiled-chunk quality, and re-
buffering minimization. The critic network computes an Advantage Func-
tion 0 = A, (s,an) = Uj (s,an) — 2o mn (ay, | 8) Un (s, ay,), where Uj (s, a,) is the
value-action function of actor n, and 3_,, m, (a, | s) Un (s, a;,) is a baseline to
identify the expected value of alternative actions, resulting in isolating the
influence of action a,, on overall performance. This function # evaluates the
efficiency of each agent’s actions in terms of rewards, leading the system to-
ward optimal resource allocation and adaptability across multiple clients.

Moreover, one of the edge’s principal functions is to maintain a cache of
video chunks. This cache momentarily caches frequently visited video items,
reducing the need to send multiple queries to the central 360° video server.
Whenever a client requests a video chunk, the edge node initially determines
if it is accessible in the cache. If it is, the chunk is provided directly to the
client, which results in quicker response times and less network demand
for the central server. This caching approach is convenient when multiple
viewers request overlapping content, since it allows for an effective reprise

of cached video segments.

4.1.3 360° Video Server

The rich VR 360° video server is the primary source of 360° video material
and includes a rich content repository with multiple quality levels (high,
medium, and low) for each video tile, as shown in Fig. 4.4. Whenever the
desired video chunk cannot be located in the edge’s cache, the edge node
retrieves it from the server, suggesting the quality required based on the
COMA policy recommendations. The server dynamically reacts to client

requests by supplying the appropriate video quality to ensure each client
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Figure 4.4: 360° video server component: stores multi-quality video
chunks and serves requested quality levels to the edge/client.

achieves the highest degree of detail to enhance the viewing experience. The
server allows the edge to scale effectively by transmitting only the required
quality levels for each tile rather than an entire video with maximum quality.
The server optimizes the bandwidth consumption and minimizes redundant

data transmission by keeping a repository with split quality levels.

4.1.4 Edge-Assisted Adaptive Streaming in the EDGE360 Frame-

work

The EDGE360 framework adopts an HTTP/DASH-style adaptive streaming
workflow for tiled 360° video, where clients request MPD and subsequent
video segments over time. In such workflows, the client remains responsi-
ble for issuing HTTP requests (e.g., MPD and segment/tile downloads) and
maintaining playback continuity, while adaptation is driven by continuous
feedback on network and playback dynamics.

As introduced earlier in EDGE360, an intelligent edge node is placed
between clients and the origin 360° video server to enable edge-assisted
decision making and delivery. Rather than altering the streaming proto-
col itself, the edge node hosts the adaptation and coordination algorithms
that (i) interpret client-side context (e.g., buffer level, measured through-

put, and viewport trajectory), (ii) compute region-aware tile/bitrate recom-
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mendations, and (iii) accelerate delivery via caching and edge-side request
handling. This edge-assisted adaptive streaming design enables responsive-
ness to fast wireless variations and multi-user contention while prioritizing
perceptually important viewport regions.

Operationally, the adaptive streaming procedure proceeds in three recur-
ring phases. First, a client establishes a streaming session and acquires
the MPD that describes the available representations, segment duration,
and tiling-related information. Second, during playback, the client peri-
odically reports runtime measurements (e.g., throughput samples, buffer
occupancy, and viewport trajectory/predictions) that serve as inputs to
the edge-side adaptation algorithm. Third, based on these inputs and the
available content representations, the edge node computes and returns a
bitrate/tile-quality recommendation that guides the client’s next download
decision, while optionally serving requested objects directly from the edge
cache to reduce latency.

The following section details this workflow step-by-step using the se-
quence diagram, clarifying how the client, the intelligent edge node (within
the EDGE360 framework), and the origin video server interact during a com-

plete video download session.

4.2 EDGE360 Adaptive Video Streaming Process

Fig. 4.5 illustrates the sequence of interactions among three entities dur-
ing a video download session: (i) the client device (e.g., HMD/360° viewer),
(ii) the intelligent edge node (a component within the EDGE360 framework
that hosts the adaptation and coordination algorithms), and (iii) the origin
360° video server. When a client initiates playback, it sends a Session Up
message to the intelligent edge node to establish a streaming session. This
request carries device and session descriptors (e.g., display resolution, op-
erating system, network access information, and the 360° content URL).

The edge node acknowledges the session and records the client’s require-
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Figure 4.5: Sequence Diagram of the Client Tiled Video Chunk Download
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Upon acknowledgment and client session establishment, the client re-
quests the MPD file by sending a "Client Request/MPD” message after the
session is initiated. The MPD file includes crucial details about the 360°
video content, including bitrate selection, segment duration, and prospec-
tive resolutions. If the MPD is available in the edge cache, the edge node
returns it immediately; otherwise, the edge node fetches it from the origin
server and updates the cache. This step ensures that the edge node has
the information required to interpret the available quality levels, tile layout
(if applicable), and chunk duration used by the streaming session.

During playback, the client periodically reports runtime measurements,
including buffer status, measured throughput, and viewport trajectory (and
any derived region priority) to the intelligent edge node. These measure-
ments serve as inputs to the edge-side adaptation algorithm, which com-
putes the next bitrate/tile-quality recommendation while balancing percep-
tual quality, stability, and rebuffering risk.

In EDGES360, this decision-making is supported by a COMA-based multi-
agent RL approach, enabling coordinated recommendations across multi-
ple concurrent clients. The resulting recommendation is then communi-
cated back to the client, guiding the next segment/tile request in a manner
aligned with the client’s buffer state, predicted FoV, and current network
conditions, thereby reducing disruptive quality fluctuations and rebuffer-
ing events.

Furthermore, in the subsequent operations, the client sends a "Chunk
Request” for a particular video chunk at the recommended bitrate after ac-
quiring the bitrate recommendation. Next, the edge node searches its cache
to check if the requested tiled video chunk is locally accessible. Alterna-
tively, the edge node asks the video server for the necessary rich content. An
important part of EDGE360’s architecture, this caching mechanism stores
frequently requested video chunks at the edge to lower latency. To maximize
the cache’s effectiveness and improve the client’s streaming performance,

the content is first retrieved and then saved in the edge cache to speed up
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subsequent requests for a similar video segment. In the following steps, the
client starts the "Chunk Download” operation after getting the video chunk.

Finally, the client initiates the "Session End” step, which concludes the
streaming session. The session termination message is acknowledged by
the edge node and the video server, enabling the disengagement of allotted
resources and the updating of client information, ensuring that the sys-
tem is accessible to inbound session requests. EDGE360 framework devel-
ops a scalable, adaptive streaming for immersive 360° content by handling

caching, processing, and transmission effectively.

4.3 EDGE360-Driven Bitrate Adaptation and QoE Com-

putation

4.3.1 QoE Model

In EDGE360, adaptive streaming of 360° media for many clients necessi-
tates optimizing a number of QoE parameters. Each client in the network
requests tiles from the video stream using expected viewports, and the net-
work must distribute resources efficiently to provide seamless playback with
minimal re-buffering and delay. In this instance, ABR choices are made
using the COMA reinforcement learning model. In COMA, each client is
represented by an actor-network, while a central critic network assesses
the system’s global state. This method tries to improve QoE for individual
clients while retaining system fairness. The EDGE360 framework evaluates
QoE in a multi-client scenario using a step-wise QoE computation mech-
anism that starts from throughput distribution and then incorporates tile
granularity, video quality switches, buffer dynamics, and delay, ultimately

combining these factors into a comprehensive QoE metric.
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Edge360: Region-Based Adaptive Tiling with Fine, Average, and Coarse Granularities
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Figure 4.6: (a) shows the segmentation of a 360° video frame into three
spatial regions: Viewport (F,) with fine-grained tiles, Marginal (F,,) with
average-grained tiles, and Background (F;) with coarse-grained tiles.
(b)-(d) illustrate region-specific tiling, where finer tiles are allocated to
high-priority regions for perceptual quality, and coarser tiles to low-
priority areas for bitrate efficiency. This demonstrates EDGE360’s hier-
archical tiling strategy for optimizing 360° VR streaming.

4.3.1.1 Network Throughput Distribution in a Multi-client Scenario

In a multi-client scenario, let M represent the number of clients, and Agw(¢)
be the total bandwidth available at time ¢ for distribution among clients. The

allocated bandwidth for client » at time ¢, denoted W, (t), is computed as:

_ ABW(t) : Cn(t)
Sl Calt)

wheren € {1,2,..., N} indexes the clients in the scenario and C,(t) repre-

Wi (1) (4.1)

sents the bandwidth demand of each client, which is determined based on
their buffer status and expected viewport probability. Zﬁle Cn(t) is therefore
the total bandwidth demand across all clients.

Cn (t) =C- Bn (t) . Rbuf +ca - Pn (t) . Rm’ew (42)
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In Eq. 4.2, ¢; and ¢y are weighting coefficients that balance the con-
tribution of buffer urgency and viewport relevance, respectively. 5, (t) is
the normalized buffer occupancy for client n, and Ryyr is a bitrate factor
reflecting the buffer-driven bandwidth demand. P,(t) is the normalized ag-
gregated viewport probability, and R, is the average bitrate expected per
tile in the predicted viewport region.

The normalized buffer status B,(t) is defined as:

Bn (t) = i (t)

 maxpen By(t) (+:3)

with values within [0, 1]. B, (t) (measured in seconds) is the buffer status
and indicates the amount of buffered video available to the client at moment
t.

P,.(t), the normalized viewport probability, is computed as follows:

Brt) = S Y Po(d, kat)
maXnpeN Z;’]:I Z]Ig(:l PU (]) kv t)

(4.4)

where P,(j, k,t) represents the probability tile 7}, is within the client’s
viewport at time ¢.

Wi (t) is used by the proposed EDGE360 when performing adaptive band-
width allocation. It dynamically prioritizes clients experiencing critical buffer
depletion and those with higher viewport probability to achieve an optimal

streaming experience.

4.3.1.2 Video Quality Assessment Based On Tile Granularity

In adaptive 360-degree video streaming, tile size plays a crucial role in bal-
ancing encoding complexity, perceptual quality, and network resource uti-
lization. EDGE360 employs a hierarchical tiling structure with three tile
sizes fine, average, and coarse in 360° video, indicated by f, a, and ¢, re-
spectively, as shown in Fig. 4.6. In Eq. 4.5, the impact of tile size on the

perceived video quality is governed by scaling factors v, 1,, and ., which
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Table 4.1: Notation Table

Notation Description
N Represents the set of agents
Wi (%) The allocated bandwidth for client n at time ¢
Apw(t) Total available bandwidth at time (¢) for distribution among clients
B, (%) The bandwidth allocated to client n
Cn(t) The estimated bandwidth demand of client n at time ¢
R,.(t) The reward of the action at time ¢ by client n
a, B,(, A Non-negative parameters influencing the aggressiveness of client QoE
Q;k(t) The effective quality weight for each tile (j, k) at time ¢
Q;e,g (t) The reference perceived quality level
Un(t) The utility factor of client n at time ¢
By (t) The client buffer occupancy
QoE(t) Aggregated QoE across all clients at time ¢
QoEmaxn(t) The maximum QoE unfairness of client » at time ¢
QoFEmaxn(t) The minimum QoE unfairness of client n at time ¢
AQ; (1) Quality switching penalty for tile (j, k) at time ¢
X; Tiling region of tile j within the overall 360° video
D, (t) The latency of client n at time ¢
Gx(t) Tile granularity of tile (j, k) at time (¢)
Q;x(t) Past video quality (VMAF Scores) of tile (j, k) at time ()
Qjﬁk(t +1) Future video quality (VMAF Scores) of tile (j, k) at time (¢ + 1)
Lj x(¢) Cache/Chunk loss rate of tile (j, k) at time (¢)
pn(t) Rebuffering events for client (n) at time (¢)
Pn(t) Aggregated rebuffering events across clients at time (¢)
P,(j,k,t)  Viewport prediction probability for tile (j, k) at time (¢)
P,(j, k,t +1) Future Predicted viewport probability for tile (j, k) at future time (¢ + 1)
K Edge cache utilization for chunk (j)
R;f & Bitrate assigned to tile (j, k) at time ¢ for quality level x € {v, m,b}
Fain(t) Jain’s Fairness Index range from O to 1
Fy Aggregate fairness index
M, Client identity
Uik Viewport tile data size
Uk Marginal tile data size
Uy, Background tile data size
Vi k(t) The video quality score for tile (j, k) at time ¢
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capture the differences in encoding efficiency and visual fidelity across vari-
ous tile granularities. The term §; ;(¢) represents the granularity level of tile
T; at time ¢ and is defined as the normalized base quality score produced
by the encoder, adjusted for spatio-temporal complexity. This formulation
determines whether a tile is treated as fine, medium, or coarse within the
segmentation hierarchy. EDGE360 measures perceptual video quality us-
ing the VMAF metric. VMAF is expressed as a composite score (from O to
100) that reflects the human visual system’s consideration of visual clarity,
sharpness, and blockiness [170].

The video quality score V;fk(t)xe{ f.a,c for a given tile T;; at time ¢ is com-
puted as follows:

g]f7 . (t), if fine granularity,

V;‘fk(t)xe{fﬂﬁ} = Q;"k(t) if average granularity, (4.5)
G5 (t), if coarse granularity.

where G (1) = w7 Gir(t), G54 (t) = a-Gju(t). and G5 (1) = v~ Gju(t) Tep-
resent the weighted VMAF scores for tile (j, k) at time ¢ under fine, average,
and coarse granularities, respectively. This equation establishes a relation-
ship between tile size, video quality, and required bandwidth consumption.

To characterize the region-based bitrate demand, the bitrates associated
with all tiles 7} in the region with a certain granularity level x at time ¢ are
aggregated. The total bitrate required to deliver a target perceptual quality

for each tile region is defined as:

DI 9 SONCES 3 SN AT (4.6)

j=1k=1 j=1k=1
where, f;lép( -) denotes the inverse of a quality-to-bitrate mapping function
and y € {f,a,c} indicates the tile granularity level, respectively. The func-

tion f;lép(-) captures the encoding cost required to achieve a target VMAF
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score for a tile at the granularity level x. Finer tiles require higher bitrates

to maintain the same visual quality due to their increased spatial details.

4.3.2 Mapping, Tile Chunk Data Size, and Bandwidth Constraints

As shown in Fig. 4.6 (a), a granularity level x € {f,a,c} is associated with a
spatial region F, with r € {v,m, b} representing the viewport, marginal, and
background areas, respectively. This mapping allows us to jointly reason
about spatial importance and encoding detail. Finer-grained tiles (r = f)
are allocated to the viewport region F),, while average and coarse tiles cor-
respond to marginal F,, and background F; regions, respectively. These
aspects form the basis for region-aware bitrate and data size estimation.
Each tile Tj is allocated a bitrate R’ ,, where r € {v,m,b} denotes the
viewport, marginal, and background regions, respectively. The correspond-

ing tile data size is given by:

ik = feize (Rf e Tjk) 4.7)

Here, fsize(-) is a mapping function that converts bitrate R}y into data
size for tile 7}, based on its encoding granularity and content complex-
ity. This mapping is consistent with the quality-to-bitrate relationship de-
scribed in Eq. 4.6. Across tile regions, the total data size 4" over all tiles

belonging to region F, is:

ur= Y u, (4.8)
(G k)EF,

where, U}, is the combined data size of tiles T} belonging to the view-
port T}, € Fy, U]} is the overall data size of the marginal tiles 7}, € Fp,, and
Z/{Jb’ i is the total data size of background tiles 7}, € F;,. This ensures that the
most critical area (i.e., viewport region) receives the highest bitrate, while
less significant regions (i.e., marginal and background) are allocated pro-

gressively lower bitrates to conserve bandwidth usage.
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Since the client’'s bandwidth is constrained, the assigned bitrate across

all tiles must satisfy:

RU(t)+ R™(t)+ R°(t) = > RX(t) < Wa(t) (4.9)

x€{v,m,b}

K J
Yo DD Ry < Wald) (4.10)

x€{v,m,b} k=1 j=1
where W, (t) is the available bandwidth for client »n at time ¢ (as defined
in Eq. 4.1). This constraint ensures that rate allocation respects client-
specific limits, enabling the edge node to optimize tile-based streaming while

also adapting to network variability.

4.3.2.1 Viewport-Aware Quality Estimation

In EDGE360, viewport prediction is coupled with a probability-based viewport-
aware quality estimation mechanism that weights each tile’s perceived qual-
ity by its likelihood of being viewed by the client, thereby guiding region-
prioritized adaptation decisions. The viewport quality Q,(t) is computed by
aggregating the VMAF-based quality scores of all tiles, weighted by their

predicted probability of being within the viewport region at time ¢:

J K
=" PGk t) - V(@) 4.11)

j=1 k=1

Here, P,(j, k,t) denotes the probability that tile 7'(j, k) falls within the
client’s viewport at time ¢, and V;fk (t) represents the VMAF-based video qual-
ity score of that tile, already reflecting region-aware encoding based on its
assigned granularity. The product P,(j, k,t) - Vj’fk(t) captures the contribu-
tion of each tile to the user’s perceived quality, weighted by its likelihood of
being viewed.

Pu(4, k,t) is computed using a Probability Density Function (PDF) based

on previous and anticipated client head rotations:
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1 —10; x — On(t
Pu(j, k,t) = %exp <|]kb()|> (4.12)

Here, 0,(t) is the predicted center of the viewport for client n at time ¢,
and 0;; represents the angular position of tile 7'(j,k) in the 360° sphere.
The parameter b is the scale factor that controls how quickly the probability
decays as the tile moves away from the predicted viewport center, capturing
the uncertainty in viewport prediction. This probability model follows simi-
lar methodologies found in [22, 171, 172], but instead of a Gaussian-based
approach [27], it employs a Laplace distribution to better capture rapid and
abrupt head movements in adaptive 360° video streaming.

The viewport-weighted quality in EDGE360 is therefore computed in Eq. 4.11
by multiplying each tile’s VMAF-based quality score I/jf‘k(t) with its pre-
dicted viewport probability P,(j,k,t). The region weighting is introduced
through the granularity index x, where fine, average, and coarse granu-
larities correspond to the viewport, marginal, and background regions, re-
spectively. Thus, tiled-region that are more likely to be viewed and encoded
with finer granularity contribute more strongly to Q,(¢), while marginal and
background tiled regions contribute less due to lower viewport probability
and lower assigned granularity. This means that EDGE360 does not com-
pute QoE from a uniform average of all tiles; instead, it uses a probability-
weighted and region-aware VMAF aggregation. This weighted quality term

is then used later directly in the QoE formulation in section 4.3.3.

4.3.2.2 Video Quality Transitions

In EDGE360, quality switches often arise due to frequent variations in tile
bitrate allocation caused by viewport movement and dynamic network con-
ditions, particularly when viewing VR 360° video streaming. These tran-
sitions can degrade the user’s QoE, particularly in regions of high visual

priority. To ensure smooth visual playback and minimize perceptual discon-
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tinuities, EDGE360 incorporates a quality-switching penalty that accounts

for both temporal and spatial variations in tile quality.

AQjk(t) = [V (6) = Vit = 1)] + [0050,050) - V() - Q1) 4.13)

In Eq. 4.13, the first term quantifies the temporal quality variation in
tile 7'(j, k) by measuring the change in its VMAF-based perceptual quality
score V]’fk(t) between two consecutive time steps ¢t and ¢ —1. The granularity-
aware subscript x € {f,a,c} captures the dependency of perceptual quality
on tile size (fine, average, and coarse). The second term models the spatial
distortion penalty caused by the spherical projection in 360° video. It uses
a distortion coefficient (6, ¢, ) based on the tile’s angular coordinates,
longitude 60, ;, and latitude ¢, relative to the viewer’s viewport [173]. Tiles
located farther from the viewport center typically suffer more from spher-
ical stretching and compression, which () penalizes accordingly. Q;e,f (t)
denotes the reference or target quality level assigned to tile 7'(j, k) at time
t, guiding bitrate assignment toward perceptual smoothness. The penalty
AQ; 1 (t) contributes to the EDGE360 reward formulation by suppressing ex-
cessive switching and promoting seamless transitions, particularly in per-

ceptually important regions.

4.3.2.3 Buffer Occupancy Dynamics

Maintaining adequate buffer levels is essential for ensuring uninterrupted
playback during adaptive 360° video streaming. The buffer occupancy B, (t)
of client n evolves dynamically based on playback consumption, chunk
downloads, and potential rebuffering events. The buffer level at time ¢ + 1

is estimated by:

J K
;k;u;”“ in (1)
Bu(t+1) = | Ba(t) — = o |t = @ o0 (4.14)
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Here, B, (t) denotes the current buffer occupancy in seconds. The term
>k UJ ) represents the cumulative size of received tiles for region r € {v,m, b},
while F,(t) is the video playback rate (in bytes/s), used to normalize both
consumption and chunk arrival durations. The term «,,(¢) is the size of the
newly received chunk, and 4, (¢) captures any rebuffering delay encountered
due to an underflow in buffer content.

In order to ensure prompt bitrate and tile selection adaptations, EDGE360’s
system must maintain a track of re-buffering and overflow occurrences. The
following is the definition of the re-buffering condition for client » at time ¢:
55 un
onlt) = 1, if Bu(t) — %

0, otherwise.

<0, (4.15)

pn(t) is a binary indicator (O or 1) denoting whether rebuffering occurred
at time ¢; it is unitless.

Avalue of p,(t) = 1 indicates that playback was interrupted due to buffer
depletion, while p,(¢) = 0 means uninterrupted playback. Although p,(t)
flags the occurrence of a stall, its impact on QoE is determined by the prod-
uct p,(t)" = pn(t)-0,(t), where 4, (t) captures the stall duration. This modeling
is especially useful in multi-client scenarios to reduce both the frequency

and duration of rebuffering events.

4.3.2.4 Delay Calculation D, ()

In adaptive bitrate streaming schemes such as EDGE360, latency plays a
crucial role in determining the overall QoE for clients. The delay encoun-
tered by the client n at time ¢ is expressed as D,,(t¢), determined by incorpo-
rating both the processing and transmission delays.

The processing delay Lproc(t) captures the time taken by the edge server
to handle a chunk request, including tile checks and cache lookups. If tiles

are missing, retrieval from the central server adds a delay. The transmission
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delay Lirans(t) reflects the time to deliver tiles over the network based on their

sizes and the client’s available bandwidth. The total delay is given by:

Dp(t) = Lproc(t) + Lirans(t) (4.106)

The transmission delay Lirans(t) quantifies the time needed to deliver the
requested video tiles to the client, which is determined by the cumulative
data size of the tiles and the client’s available bandwidth. Specifically, in
EDGE360, each tile-aware data size Z/{j’.fk is derived from the selected bitrate
and region class x € {v,m,b} corresponding to the viewport, marginal, and
background regions, respectively.

Accordingly, the total end-to-end delay for client »n at time ¢ is given by:

J K
Xe{gm,b} ng kgl Uj’k

Wi (t)

Dy (t) = Lproc(t) + (4.17)

This approach ensures that delay computation is strongly connected
with region-specific priority and bitrate selection. It represents the delay
caused by sending differing quality tiles, allowing the EDGE360 framework

to make better streaming decisions in constrained network circumstances.

4.3.3 QoE Calculation

In the EDGE360 framework, client-specific QoE estimation is essential for
assessing streaming performance. The QoE model integrates factors such
as effective tile quality, viewport enhancement, quality switches, rebuffer-
ing, and latency, key to ensuring a smooth and immersive experience un-
der network variability. These metrics support fairness and effectiveness in
multi-client scenarios. For client n at time ¢, the estimated QoE is defined

as:

QoE,(t) = Qu(t) — - AQ, i (t) — B pn(t) — ¢ - Dp(t) (4.18)
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Here, Q,(t) represents the aggregated perceptual quality for the predicted
viewport tiles, as introduced in Eq. 4.11. Eq. 4.13, AQ; ;(t) tracks the vari-
ance in tile quality between segments and is penalized by a. Quality stability
reduces visual interruptions, improving the viewing experience [174].

As defined in Eq. 4.15, p,(t) indicates a rebuffering event for client n
at time ¢, with its duration given by 4, (¢). Their product models the stall
penalty in QoE, weighted by  to discourage frequent and prolonged play-
back interruptions. Latency D, (t) was introduced in Eq. 4.17 as the sum
of transmission delay and processing delay and is weighted by (. This term
highlights the significance of response time in adaptive streaming, particu-
larly in a multi-client immersive environment. To evaluate the system-wide
QOE level, the aggregated QoE was defined as QoFE,(t), measuring the over-
all QoE across all clients, i.e., QoE,(t) = + SN | QoE,(t). This metric gives a

system-wide (global) perspective on video quality and adaptation efficiency.

4.3.4 Fairness Assessment

To ensure fairness in resource allocation among multiple clients, Jain’s Fair-
ness Index is used as a well-established metric to quantify the equality of
QOE across all clients. For N clients, the fairness index at time ¢ is defined

as:

(£ o)

]:—Jain(t) = (4.19)

N
N> QoE2(t)
n=1

Here, QoFE,(t) denotes the perceived quality of experience of client n at
time ¢, which incorporates viewport-aware video quality, rebuffering impact,
delay penalties, and quality switches. A Jain’s index value close to 1 indi-
cates an equitable QoE distribution among clients, whereas lower values

reflect increasing disparity.
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This formulation aligns with EDGE360’s goal to not only optimize indi-
vidual client performance but also ensure system-wide fairness in perceived
video quality, avoiding resource bias and improving overall user satisfaction

across diverse network and client conditions [175, 176].

4.3.5 EDGE360 Reward Function

The EDGE360 reward function is introduced to help optimise each client’s
QoE while preserving fairness across multiple clients in a resource-shared
network. The reward function is preferable for adaptive streaming in a
multi-client setting as it takes into account the QoE of each client, the con-
sistency of QoE among clients, and fairness. The compact reward function
for client n at time t is as follows:
| QoEa(t) — QoEn (1) avg]

QoFEmaxn(t) — Q0Eminn(t) (4.20)

A Fram(t),Vk=1,2,...,N

Ru(t) = QoEy,(t) — ||

In this context, ¢ functions as a local fairness penalty term, which quan-
tifies the divergence of client n’s instantaneous QoE from the moving average
QOE of other clients, denoted as QoEn(t)kavg. This term imposes penalties
for significant discrepancies between individual clients within short tempo-
ral intervals, and is standardized using the observed maximum and mini-
mum QoE values for the client, represented by QoEmax »(t) and QoEmin (1),
respectively. Furthermore, a global fairness measure across all clients is
imposed via the term Flain (t), specifically Jain’s Fairness Index, which is
computed based on system-wide QoE distributions at time ¢ and weighted
according to A. While the local penalty promotes fairness among proximate
clients within a rolling time window, the global term ensures prolonged eq-
uity in bandwidth distribution across all clients.

Together, these two fairness components allow EDGE360 to achieve both

short-term fairness responsiveness and long-term global balance, main-
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Algorithm 1: Part 1: In-
put/Output Processing and
Hierarchical Tile Selection
with Bitrate Allocation

Algorithm 1: Part 2: State
Preparation, EDGE360 Eval-
uation, and Cache Manage-
ment

Input : Predicted Head Rotation F,
divided into:
F» (Viewport),
Fm (Marginal),
Fy (Background),
Network Throughput W, (t),
Buffer B, (t), Available Bitrates R =
{R1,...,Rm}, NN Inputs.
Output TilesetT;, € T =

{T", T™,T"} with optimized
R} 1, Vx € {v,m,b}.

1 Imitialization: 7% = 0, T™ = 0,

T =0.;
2 foreach tile T} do
3 if T;, N F, # () then
a | Tk~ T Ry« Ry, €R;
5 end
6 if T, N Fn # 0 then
7 if G; 1 (t) = a then
8 T = T™, R < Rm €
R;
) end
10 if gj,k(t) = c then
11 | Subdivide(T7,,) — T}
12 end
13 end
14 if Tj,k N Fp 75 (0 then
15 if G; 1 (t) = c then
16 | Subdivide(T};) — Tj%:
17 end
18 if G; 1 (t) = a then
19 | Subdivide(T}}) — T}
20 end
21 Tjk+— T RS, + Ry € R:
22 end
23 end

24 Tile Merging for Compression:;

25 if all T}, € TV in a region belong to
the same subset then

26 | Merge them into T7};

27 end

28 else if allT;, € T™ in a region be-
long to the same subset then

20 | Merge them into T7}:

30 end

31 else

32 Keep the current tiling struc-

ture;
33 end

1 State Preparation:

2 Local: W, (¢) (Eq. 4.1), V; x(t), G,x(t)
(Eq. 4.5), AQ, x(t) (Eq. 4.13),

3 Bn(t) (Eq. 4.14).

4 Global: P,(j, k,t) (Eq. 4.4), QoE,(t)
(Eq. 4.18), pn(t) (Eq. 4.15), Do (t)
(Eq. 4.17)

5 Evaluation: Central critic combines
states to evaluate Q(s,a);

6 Actors choose R}, for 7%, T™, T" to
maximize QoE;

7 Dynamic Bitrate Adaptation:
8 if Wy (t) < Winmin then

o | if R}, > R then

10 | Ry« RS, —AR

11 end

12 if R} > Rmin then

13 | Ry < RJ% — AR

14 end

15 if R} < Rmax then
16 | RYk < Rmax

17 end

18 end

19 Edge Cache Integration:
20 foreach 7, ¢ T = {T",T™,T"} do

21 if T} i is available in the edge
cache then
22 Retrieve T}, with its as-

signed quality and corre-
sponding data size U, (Eq.

4.8);
23 end
24 else
25 Request T i from the video

server based on its region:
* Viewport (7"): High quality, data
size Uy}, (Eq. 4.8)
* Marginal (7): Moderate quality,
data size U]}, (Eq. 4.8).
* Background (7°): Low quality, data
size U;’yk (Eq. 4.8).

Store the retrieved Tj ; in the

edge cache.;
26 end
27 end
28 return 7 = {7, 7™, T*} with bitrates
R
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taining efficient and fair system operation under dynamic network condi-

tions.
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Figure 4.7: Neural Network Architecture for EDGE360 Adaptive 360° VR
Streaming Using COMA

4.3.6 Adaptive Bitrate Allocation for Predicted Regions in EDGE360

In EDGE360, efficient bitrate allocation is critical to ensuring high-quality
user experiences while optimizing bandwidth usage in 360° video stream-
ing. To achieve this, the video frame is divided into three predicted regions:
the viewport region (F}), the marginal region (F},), and the background re-
gion (F;). These regions are prioritized according to their relevance to the
FoV of the user. The adaptive tiling mechanism dynamically assigns opti-
mized bitrates (R}?, o ;”k and Rg’ ;) to tiles in each region to achieve a bal-
ance between visual quality and bandwidth efficiency. The set of available
bitrates, denoted as R = {R1,Ra,..., Ry}, represents the discrete bitrate
levels available for allocation to tiles in the (F,), (F,,), and (F3) regions of a

360° video frame.
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Figure 4.8: EDGE360’s adaptive bitrate distribution among predicted
regions (viewport, marginal, and background) for three test videos.

The complete tile set in EDGE360 is represented as T = {T°,T™,T°},
where each subset corresponds to a specific region based on its priority
and relevance to the user’s FoV. The subset 7" consists of tiles belonging
to the viewport region (F,), which have the highest priority. These tiles are
directly within the user’s focus and require the highest bitrates to ensure
optimal visual quality. The subset 7™ represents the tiles in the marginal
region (F,,), which are adjacent to the viewport but have a moderate pri-
ority. These tiles are allocated intermediate bitrates to balance quality and
resource efficiency. Finally, the subset 7 includes tiles in the background
region (F), which have the lowest priority as they fall outside the user’s
immediate viewing area. These tiles are assigned the lowest bitrates, con-
serving bandwidth while maintaining a minimal level of quality. This hier-
archical classification ensures efficient allocation of resources, prioritizing
user experience in the most critical areas while optimizing bandwidth usage
for less significant regions. As shown in Fig. 4.6, the viewport region F, (red
ellipse) receives fine-grained, high-resolution tiles to prioritize user focus.

The marginal region F,, (yellow rectangle) is streamed with moderate gran-
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ularity, while the background F;, uses coarse tiles to conserve bandwidth.
Fig. 4.8 illustrates EDGE360’s bitrate allocation for three test videos (Sun-
set, Alaska, and Beach), assigning 18-20 Mbps to F,, 8-12 Mbps to F,,,, and
2.5-4 Mbps to F;, balancing visual quality and bandwidth efficiency across

regions.

4.4 EDGE360 Rate Adaptation and Problem Formu-

lation

In EDGE360 adaptive streaming, each client aims to choose the optimal tile
bitrates during each adaptation span perpetually, maximizing aggregated
QoE across all video tiles and delivering an immersive 360° viewing expe-
rience. EDGE360 for rate adaptation, using the COMA framework [177] to
optimize video streaming in 360° adaptive streaming in multiple client sce-
narios. The EDGE360 design attempts to maximize aggregated QoE across
multiple clients by considering individual client demands while also assur-
ing system-wide fairness. This includes tackling constraints such as dy-
namic network circumstances, viewport dynamics, and quality trade-offs.
Fig. 4.7 depicts the neural network architecture for EDGE360’s adaptive
360° VR streaming. COMA employs both local and global state inputs to
optimise adaptive streaming action via a MARL architecture. The local state
includes client-specific parameters, including previous throughput, receiv-
ing rate, transmitting bitrate, viewport probability, and video quality rat-
ings. The global state includes aggregated system-level metrics such as
viewport prediction maps, aggregate QoE, chunk file size, fairness index,
delay, and edge cache utilization.

The EDGE360 optimization problem may be represented quantitatively
as follows:

Problem P1:
arg max Z QoFE,

n€(l,N]
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EDGE360’s aim for problem P1 is to determine the optimum bitrate and
tile quality selection approach with optimal policy 7* : S - A — [0, 1], that
maximizes the projected long-term discounted QoE while taking into con-
sideration the limitations of viewport and tiled-based 360° video streaming

in multi-client scenarios.

4.4.1 Foundation of MDP

A discrete-time finite Markov Decision Process (MDP) represented by M, is
defined by a 7-tuple (S, {0, }nens {Antnens [ {rn}nen v, po, H), which serves
as the foundation for modeling decision-making in dynamic environments
where multiple agents engage with both the environment and each other.
Here, N represents the set of agents, and each agent makes individual de-
cisions while interacting with a shared environment. This formulation in-
dicates the action space A,, of agent n and the state space of the environ-
ment by § as they encompass both global and local information that influ-
ences decision-making. However, in multi-agent systems, each agent usu-
ally has access to partial observations of this state space, which is denoted
by {O,}nen, where O, represents the specific set of observations available
to agent n. Such partial accessibility translates the MDP into a Partially
Observable Markov Decision Process (POMDP), which reflects the actual

constraints that agents encounter in real-world systems. A, = {a3,a,a’}

b

., are actions

represents the set of actions the agent n can take and a?, o, a
for viewport, marginal, and background tiles, respectively. The transition
dynamics are defined by the deterministic function f : § x A — S, which
specifies the next state s’ to which the environment will transition when an
action «a is performed in the current state s. The f accounts for joint actions
of all agents (clients) and actions that affect the global state, especially re-
garding network throughput, buffer states, and tile quality switches. The
reward for taking an action « in state s is given by the bounded reward

function r : S x A — R. It incorporates the discount factor v(0 < v < 1) to

balance the importance of current and future rewards. The initial state dis-
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tribution can be determined using the formula p, : S — R, which reflects
the initial conditions of network throughput, buffer states, and video qual-
ity across all clients, where H represents the horizon length or the length
of the decision-making trajectory.

Furthermore, since each EDGE360 agent perceives a partial view of
the global state S, the framework is a POMDP [178]. COMA’s centralized
critic calculates counterfactual baselines to influence individual agents’ ac-
tor strategies, maximizing their value to the shared global reward. The ob-
jective of the POMDP framework for the agent n is to find the optimal policy
m; S — A that maximizes the cumulative long-term discounted reward.
This can mathematically be represented as R = Zl{i 0" - re, where ry is the
reward at time ¢ and +' is a discount factor that balances the significance
of immediate versus future rewards. Consequently, the edge-based optimal
bitrate selection problem can be redesigned as:

Problem P2:

H
max E (Y 4" R | {mn}nen (4.21)
t=0

{mn}nen
The P2 goal is to collaboratively optimize the policies of all agents in
the EDGE360 framework to maximize the predicted cumulative discounted

global reward across all clients in a multi-agent scenario.

4.4.2 State Formulation for EDGE360 Adaptive 360° Streaming

In the multi-client EDGE360, the MDP is modified to a Markov game [179]
to handle interactions among multiple agents and the environment. Each
client behaves as an independent actor, requesting video tiles, and their col-
lective decisions impact global state changes. The complicated dynamics
of adaptive 360° video streaming, such as viewport prediction, tile-based
adaptation, and limited network resources, require a precise state defini-
tion. The state of a client n requesting a video chunk C; is defined as follows:

st = {3, W AT Ul d7 Vi, BYAQY L PG ko) } (4.22)
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This state represents numerous facets of the client’s interaction with
the system. In a multi-client scenario, each client’s local state s7 serves
the joint global state S; = {s},s3,...,s)}. COMA's centralized critic uti-
lizes S; to optimize resource allocation, guarantee fairness, and maximize
the client’s QoE. The historical network throughput, presented as B, =
{hi 7", ... kL"), incorporates the average throughput measurements over
the past pu chunks, representing recent network performance to assist bi-
trate adaptation. Similarly, wh = {wif“ . ,w%_l} contains the downloading
instances of the previous p chunks, providing insights regarding transmis-
sion efficiency and network variability. The historical data retrieval rate
is expressed as A} = {A? ... A7}, indicating the pace at which prior
chunks were downloaded.

This metric helps to monitor network consistency and guide bitrate adap-
tation, resulting in smooth playback while preventing unnecessary rebuffer-
ing. The required chunk C; tile sizes are represented as u7, = [uf,, u}, ug L

where u?

ige Uy and u? . correspond to the viewport, marginal, and back-

ground regions, respectively. Each tile size is set for multiple bitrate levels,
such as uf, = {uf,(R1),...,uj,(Rm)} , which enables the solution to change
quality granularity swiftly. Similarly, d7, = [d},,d]},d?,]" records spherical
distortions associated with these tiles, indicating spatial quality drop be-
tween regions.

The past chunk’s video quality denoted as Vi~!, serves as a reference
point to ensure quality consistency. The buffer occupancy metric BJ as-
sesses the client’s playback buffer during a chunk request C; and is cru-
cial for smooth playing and avoiding re-buffering occurrences. The quality
switching penalty AQ”, adjusts for disruptive quality variations, resulting
in seamless transitions between video quality levels. The viewport proba-
bility mapping model PY(j, k,t) anticipates the likelihood of tile (j, k) being
viewed based on the client’s viewport trajectory, allowing for prioritized re-

source allocation.
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4.4.3 Actor-Central Critic Policy Training for EDGE360

In EDGE360, the actor and central critic network leverage the COMA ap-
proach to handle the challenges of multi-client adaptive streaming in a
partially observable setting. The technique merges client-specific decisions
with global optimization via a POMDP framework, resulting in an effective

resource allocation and improved QoE for all rich users.

4.4.3.1 Actor Policy Approximation

The actor policy for each client is parameterized by ¢,, representing the
weights of the actor network. This network produces a probability distribu-
tion over possible actions, such as bitrate allocation and tile quality selec-

tion. The distribution is computed using a softmax function:

Tn(ay | 8) = Softmax(4(s; vn)) (4.23)

where, ¢(-) is the feature extraction function that transforms the ob-
servable state s into a latent representation, while ¢, denotes the train-
able parameters of the actor network for client n. This allows the policy to
dynamically adapt to client-specific requirements, such as viewport move-
ment, network fluctuations, and buffer conditions, while being influenced

by the shared global environment. global environment.

4.4.3.2 Central Critic State-Value Function

The state-value function, which determines the predicted cumulative re-
ward setting up from a particular global state s, is assessed by the central-

ized critic. It is represented as:

5 (4.24)

where R(s,a) is the global reward aggregating QoE tracks across all clients,

~ is the discount factor harmonising current and future rewards, and H is
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the decision horizon. This function provides a global view by taking into
account all agents’ combined states and actions, coordinating their actions

with system objectives.

4.4.3.3 Advantage Function for Central Critic

In order to enhance actor training, the central critic evaluates the advan-
tage function, which compares the effectiveness of an agent’s action to a

counterfactual baseline. This is stated as follows:

An(s,an) n(an | $)Q(s,a™") (4.25)

an

Here, a denotes the joint action vector of all agents, i.e., a = (a1, ag,...,an),
while o~ represents the set of actions taken by all agents except agent n.
The state-action value function is represented by ((s,a), and the counter-
factual baseline by Q(s,a™") which minimizes the contribution of agent n
by marginalizing over its actions. The counterfactual baseline Q(s,a™") es-
timates the global reward by marginalizing agent n’s action while keeping
other agents’ actions fixed. This formulation is crucial for EDGE360 with
multiple agents, as the advantage function enables each agent to focus on
optimizing its unique contribution to the global reward, guaranteeing fair-

ness and efficient resource allocation for each client.

4.4.3.4 Actor Policy Gradient Update

In EDGE360, the actor policy gradient update is critical for enhancing each
client’s actor network. The policy gradient approach updates the actor net-
works, which promotes actions that result in higher expected rewards. The

actor policy gradient update can be expressed as:

thnJ(SOn) =E[A,(s, an)v‘Pn log mp(an | )] (4.26)
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Here, the function 4, (s, a,) measures the comparative advantage of an
action compared to its baseline. This allows the actor network to maximize
its distinct value to the shared global reward. This recurrent refinement
guarantees that the policy responds dynamically to variations in network
circumstances, such as bandwidth fluctuations and viewport trajectories,
while also optimizing the QoE for each client. This strategy combines local
decision-making with global system objectives by using COMA’s multi-agent

framework.

4.4.3.5 Entropy Regularization

To stimulate exploration while avoiding early convergence to suboptimal

policies, the actor objective incorporates entropy regularisation as follows:

H(m,)=— an(an | s)log mp(an | s) (4.27)

an

where H(m,) measures the randomness of the policy’s action decision.

A higher entropy number implies a more exploratory perspective, whereas
a lower entropy indicates a more predictable behavior. Entropy regulariza-
tion encourages diversity in action choices, ensuring that agents explore dif-
ferent bitrate allocation and tile quality ways across the viewport, marginal,
and non-viewport regions. The updated actor objective, which includes en-
tropy regularization, becomes: The updated actor objective gradient, de-
noted by V., J'(¢,), incorporates an entropy regularization term scaled by
the tunable parameter 7, which balances exploration and exploitation. This
regularized formulation is especially important in EDGE360, where agents
must adapt to dynamic network states and diverse viewport trajectories in

a multi-client, tile-based streaming environment.

101



4.4.3.6 Critic Network Loss Function

The critic network is trained to reduce temporal difference (TD) errors, which
improves the accuracy of value assessments. The loss function is stated as
follows:

L(¥) = E [(Va(s) = (r +7Vel)))?] (4.28)

Here, V.(s) is the predicted value of the current state s, r is the imme-
diate reward obtained following action, and V,(s') is the estimated value of
the next state s’. The discount factor (y) determines the relevance of future
rewards compared to immediate ones. By minimizing this loss function,
the critic network learns to deliver precise value estimations, allowing the
centralized critic in EDGE360’s COMA system to develop effective counter-
factual advantage functions.

EDGE360’s actor central critic system integrates these components, i.e.
Tn(an | 8), Ve(s), An(s,an), Vo, J(0n), H(m), Vo, (¢n), L(¥), aligning client-
specific edge-based adaptations with global QoE optimization. The COMA-
based centralized critic ensures fairness, while actor networks dynamically
adapt to local conditions, allowing for efficient and adaptable 360° video
streaming in multi-agent settings.

Algorithm 1, parts 1 and 2, present the detailed procedure of the pro-
posed viewport-aware adaptive tiling scheme in EDGE360. The algorithm
returns the tile set T = {77, 7™, T®}, where each subset corresponds to a dif-
ferent viewport-aware region: 7V (viewport tiles) forms the predicted user
viewport, 7™ (marginal tiles) covers adjacent areas with moderate granu-
larity, and 7? (background tiles) consists of lower-priority tiles beyond the
predicted FoV. These selected tiles collectively reconstruct a complete video
chunk, ensuring optimized visual quality and efficient bandwidth utiliza-
tion in EDGE360.

This approach ensures efficient bandwidth utilization while maintaining
high-quality streaming for the user’s viewport. By dynamically adjusting

bitrates and calculating total file sizes based on tile regions and priorities,
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EDGE360 achieves an optimal balance between visual quality and resource
constraints. This method enables the framework to adapt to varying net-

work conditions and user demands dynamically, ensuring improved QoE.

4.5 Implementation and Evaluation

4.5.1 Simulation Settings

To evaluate the performance of the proposed EDGE360 algorithm, a Python-
based simulator with the PyTorch framework was built [180]. The simulator
was built on an Ubuntu 24.04 machine with a 64-bit Intel Core i7-8550 U
CPU (1.8 GHz quad-core, turbo boost up to 4GHz) and 16 GB RAM.

As already mentioned, within the intelligent edge node, the edge-side
multi-agent rate adaptation module uses a COMA-based DRL technique,
which employs a single centralized critic network as well as several inde-
pendent actor networks, with each client in a multi-client streaming situa-
tion acting as an autonomous agent. Unlike independent DRL approaches
like ASC and DDQ@QN, which rely on decentralized learning, COMA combines
centralized training and decentralized execution to provide optimum collab-
orative policy acquisition for viewport-based bitrate selection while remain-
ing fair between different clients. To simulate realistic multi-client stream-
ing scenarios aligned with 5G network conditions, the proposed adapta-
tion mechanism executed at the intelligent edge node is evaluated with an
increasing number of clients: 16, 32, and 64 concurrent users, respec-
tively. Each actor network is mapped to a unique client and independently
performs tile-wise bitrate allocation decisions. The architecture supports
decentralized execution, allowing each actor to operate with local observa-
tions that include viewport probability maps, buffer states, and past bitrate
actions. Simultaneously, the client’s observation space inherently captures
the viewport, marginal, and background regions, enabling fine-grained con-
trol over spatial adaptation. This region-aware, modular structure not only

supports accurate per-user decisions but also facilitates scalable operation,

103



as validated in scalability experiments. Even with 64 clients, the edge-side
adaptation mechanism maintains acceptable levels of QoE, fairness, and
rebuffering, demonstrating its robustness in high-density streaming envi-
ronments.

Each network of client-specific actors selects bitrates based on local
information such as viewport probability visualizations, network perfor-
mance, buffer occupancy, and history bitrate decisions, where the actor
policy gradient update V., J(¢,) Eq. (4.26) optimizes policy learning by ad-
justing actions that result in higher expected rewards. These actor net-
works consist of an input layer and two fully connected (FC) layers, with
the first layer comprising 128 neurons and the second containing 64 neu-
rons, both with ReLU activation. The output layer implements a Softmax
activation function ¢(s;¢,) Eq. (4.23) to generate action probabilities that
decide the bitrate of each client’s tiles in the viewport, marginal, and back-
ground regions. The critic examines the state action value function Q(s, a)
and compares the impact of each agent’s action with a counterfactual base-
line Q(s,a™™) using an advantage function A, (s,a,) Eq. (4.25) rather than
directly calculating a Q value in a linear activation output layer. The coun-
terfactual baseline marginalizes the contribution of the agent n’s to global
reward by marginalizing its activities. Taking into account future rewards
over a broader horizon, the discount factor set to v = 0.99 ensures long-
term optimization. Using the Adam optimizer for effective convergence, the
learning rate is set at 1 x 10~ for actor networks and 5 x 102 for critic
networks. To avoid early convergence to suboptimal policies, the entropy
regularisation factor H(w,) Eq. (4.27) is initialized at 0.99 and decays expo-
nentially at a rate of 0.995 every 103 iterations in the COMA DRL framework

for exploration.

4.5.2 Viewport Dataset

To model the user viewport dynamics in EDGE360, a publicly available view-

port dataset was used that includes head rotation traces from 153 volun-
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teers while watching various 360° videos [181]. These traces, sampled at 10
Hz (i.e., 10 samples per second), offer high temporal resolution to support
fine-grained head movement prediction.

The viewport prediction module used by the intelligent edge node adopts
an LSTM-based deep learning model due to its ability to learn long-range
temporal dependencies inherent in user head motion. In contrast to CNN-
based methods that often struggle with temporal modeling [182], the LSTM
network captures sequential user interactions effectively and enables fore-
casting of the future viewport center using historical rotation data. Ad-
ditionally, EDGE360 integrates a Laplace-based probabilistic viewport ex-
pansion scheme, which estimates tile-wise probability around the predicted
center, exponentially decaying with distance. This allows for perceptually
guided bitrate allocation, favoring high-probability tiles.

Although attention-based and transformer-based architectures have re-
cently shown strong predictive capabilities in such domains [183], LSTM
was chosen for its balance of accuracy and computational efficiency in real-
time applications. Transformers, while potentially more accurate, often in-
volve higher inference latency and parameter overhead, making them less
practical for edge-based scenarios with resource constraints.

The prediction model was quantitatively evaluated using the Mean Abso-
lute Error (MAE), and viewport hit rate metrics. The average MAE across all
test users was 5.0°, and the average viewport hit rate exceeded 90%, indicat-
ing strong predictive accuracy. These metrics validate the use of the LSTM
model in combination with the Laplace-based expansion strategy employed
in EDGE360.

Furthermore, Fig. 4.9 quantifies the system’s sensitivity to viewport pre-
diction error through an ablation study. To assess the effect of degraded
viewport prediction accuracy, controlled Gaussian noise was injected into
the predicted viewport coordinates, and the resulting impact on EDGE360
performance was analyzed. The LSTM-based viewport predictor used in

the framework achieved a MAE of 5.1°, a hit rate within 5° of 89%, and an
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Figure 4.9: Sensitivity analysis of EDGE360 for viewport prediction error,
showing the impact on normalized QoE, Jain’s fairness index, and average
rebuffering time per chunk.

F1-score of 0.92 for FoV classification. As the injected MAE increases from
5° to 25°, the normalized average QoE steadily declines from 0.85 to 0.70,
indicating an 18% loss in perceptual quality due to misallocated bitrate and
increased stall events. Jain’s fairness index similarly falls from 0.90 to 0.74,
demonstrating imbalanced quality across users, as the COMA reward func-
tion dynamically reallocates bandwidth to clients with poor predictions via
the deviation term |¢|. Rebuffering emerges as the dominant penalty be-
yond 15° MAE, where stall time per chunk increases from 0.07s to 0.21 s,
surpassing the penalty from quality switches.

This comprehensive degradation across all three dimensions, QoE, fair-
ness, and rebuffering, highlights the pivotal role of accurate, low-latency
viewport prediction. EDGE360 maintains high QoE and fairness as long
as the prediction MAE remains below 20°, validating the choice of an effi-
cient LSTM + Laplace PDF model over heavier attention-based alternatives
in real-time VR scenarios.

These results show that viewport prediction accuracy is an important
factor in EDGE360’s performance. However, the conclusions remain valid
under moderate prediction uncertainty because EDGE360 maintains high
QoE and fairness when the prediction MAE remains below approximately

20°. The marginal region also helps absorb small viewport shifts by pro-
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viding medium-quality tiles around the predicted viewport. Therefore, the
sensitivity analysis does not weaken the main conclusion; rather, it de-
fines the operating range in which EDGE360’s viewport-aware adaptation
remains robust and explains how performance degrades when prediction

error becomes large.

4.5.3 Rich Video Dataset and Network Traces

A public video database [184] was employed to provide VR 360° videos rang-
ing in length from 37 to 668 seconds, have a frame rate of 30 frames per
second, and contain highly dynamic and static details. To provide adaptive
360° video streaming, the DASH360 tool was deployed, which divides each
video into spatially adaptable tiled representations while optimizing band-
width allocation based on viewport likelihood. DASH360 separates videos
into three levels of tile granularity: coarse-grained (1024 x 1024 pixels),
medium-grained (512 x 512 pixels), and fine-grained (256 x 256 pixels) to
ensure effective bitrate distribution across regions. After tiling, the videos
are encoded in HEVC/H.265 employing FFmpeg [185] and transformed into
2-second MPEG-DASH chunks with MP4Box [186]. Tile of each granularity
is then pre-transcoded into VMAF-optimized bitrates based on its proba-
bility of being viewed, ensuring perceptual quality is maintained in high-
priority viewing regions. The encoded content comprises 11 unique bitrates,
i.e., 2.5, 4.0, 5.0, 8.0, 10.0, 12.5, 15.0, 17.5, 20.0, 22.5, 25.0 Mbps, which
essentially aligns with the 5.0-20.0 Mbps range proposed by 3GPP for 360°
video streaming [187]. To measure perceptual video quality, the VMAF-360°
model was utilized [170]. All three test videos, Sunset, Alaska, and Beach,
have a resolution of 4096 x 2160 (4K) and a duration of 89, 234, and 138
seconds, respectively.

Specifically, Alaska (234 s) corresponds to the VHIL clip Jared Leto Tour
Guides Alaska’s Melting Glaciers an educational 360° video about the effects
of climate change on Alaska’s glaciers with affective ratings of valence = 4.73

(pleasantness) and arousal = 3.33 (activation). In terms of content charac-
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teristics, Alaska exhibits the highest temporal complexity among the three
clips, which makes it more sensitive to motion and viewport-prediction ac-
curacy during adaptive streaming.

The Beach test video (138 s) corresponds to the VHIL clip Maldives beach
and resort, which contains various scenic clips filmed at a beach in the
Maldives, with valence = 6.69 and arousal = 3.50. It is characterized by
low temporal complexity and moderate spatial complexity, typically yielding
smoother quality trends under bitrate adaptation.

The Sunset test video (89 s) corresponds to a timelapse of sunset over
a Grecian town with valence = 6.55 and arousal = 3.09. Among the three
clips, Sunset exhibits the highest spatial complexity (rich visual details),
and therefore generally requires higher bitrates to sustain high perceptual
quality. Test videos screenshots are presented in Fig. 4.8.

A public 5G network trace dataset [188] was employed and gathered from
operating 5G networks, mimicking different degrees of bandwidth fluctua-
tion, to assess adaptive multi-agent 360° video streaming under realistic
network conditions. These traces show three main network modes: dis-
turbed (660 Mbps, moderate variations), unstable (585 Mbps, large fluc-
tuations), and stable (734 Mbps, minimum changes). Each client in the
EDGE360 multi-agent architecture functions as a distinct RL agent, using
real-time throughput observations to make adaptive decisions regarding bi-
trate selection and viewport tile prioritization. The 5G traces function as
a shared network environment that influences the fairness of bandwidth
distribution among multiple clients and dynamically influences the agents’
adaptation approaches. Fine-grained viewport tiles are guaranteed high bi-
trates (14-20 Mbps) through collaborative decision-making, whereas back-
ground (2.5-8 Mbps) and marginal (8-12 Mbps) tiles are resource-efficiently
assigned lower bitrates. EDGE360 uses 5G transmission to reduce rebuffer-
ing, improve multi-user QoE, and dynamically adjust to fluctuating network

circumstances.
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4.5.4 Reproducibility Summary for the EDGE360 Evaluation

To improve transparency and reproducibility, Table 4.2 summarises the
experimental configuration used for the EDGE360 evaluation. The table
reports the datasets, viewport traces, network traces, client/session set-
tings, chunk configuration, training details, hyperparameters, baseline im-
plementation strategy, and statistical reporting protocol. All methods are
evaluated using identical video sequences, viewport traces, network traces,
bitrate ladder, chunk duration, client settings, and QoE formulation to en-

sure a fair comparison.

Table 4.2: Reproducibility summary for the EDGE360 evaluation.

Reproducibility
item

EDGE360 experimental setting

Research objective

Implementation envi-
ronment

Hardware configura-
tion

Learning framework

Evaluate EDGE360 for edge-assisted, multi-client,
region-aware bitrate adaptation in tiled 360° video
streaming under dynamic 5G conditions.
Python/PyTorch simulator executed on Ubuntu 24.04.

64-bit Intel Core i7-8550U quad-core CPU at 1.8 GHz,
turbo frequency up to 4 GHz, and 16 GB RAM.

COMA with centralised training and decentralised ex-
ecution. Each client is represented by an independent
actor, while a central critic is used during training.

Client configuration

Independent runs

Random seeds

Training/evaluation
partitioning

Multi-client sessions with 16, 32, and 64 concurrent
clients. Each client performs tile-level bitrate selection
from local observations.

Each principal experiment is repeated over five inde-
pendent seeds, and results are averaged across the
runs.

Seeds 1, 7, 21, 42, and 100 are used for initialisation,
exploration, trace ordering, and stochastic sampling.
The COMA-MADRL model is trained using the public
360° video dataset. Sunset, Alaska, and Beach are
reserved for evaluation and are used consistently for
EDGE360 and all baselines.

Video dataset
Evaluation videos
Video resolution

Video duration and
chunks

Public 360° video dataset containing sequences of 37—
668 s with diverse spatio-temporal complexity.

Three 4K 360° sequences are used: Sunset, Alaska,
and Beach.

4096 x 2160 pixels for all evaluation videos.

Sunset: 89 s and approximately 45 chunks; Alaska:
234 s and 117 chunks; Beach: 138 s and 69 chunks.
Chunk counts use 2-s segments, i.e., [duration/2].

Continued on the next page
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Table 4.2 — continued from the previous page

Reproducibility
item

EDGE360 experimental setting

Evaluation chunks
Client-chunk deci-

sions

Chunk duration
Video preprocessing

Approximately 231 chunks per complete single-client
pass: 45 Sunset, 117 Alaska, and 69 Beach chunks.
Per complete pass: approximately 3,696 decisions

for 16 clients, 7,392 for 32 clients, and 14,784 for 64
clients. Across five seeds, the totals are approximately
18,480, 36,960, and 73,920, respectively.

Each video is divided into 2-s MPEG-DASH chunks.
DASHS360 is used for spatial tiling. Videos are
HEVC/H.265 encoded using FFmpeg and packaged
as MPEG-DASH content using MP4Box.

Tile granularity

Spatial regions

Bitrate ladder

Region-wise bitrate
ranges

Coarse: 1024 x 1024 pixels; medium: 512 x 512 pix-
els; fine: 256 x 256 pixels.

Each frame is divided into viewport F;, marginal F,,,
and background F, regions. Higher bitrate and finer
tiles are assigned to F,, moderate settings to F),, and
lower bitrate with coarser tiles to F},.

Eleven levels: 2.5, 4.0, 5.0, 8.0, 10.0, 12.5, 15.0,
17.5, 20.0, 22.5, and 25.0 Mbps.

Viewport: approximately 14-20 Mbps; marginal: 8-
12 Mbps; background: 2.5-8 Mbps, depending on
viewport probability, tile priority, and bandwidth.

Viewport traces

Viewport prediction

Prediction accuracy

Public head-rotation traces from 153 participants,
sampled at 10 Hz, are used for viewport prediction
and tile prioritisation.

An LSTM predicts future viewport centres from head-
motion history. A Laplace-based expansion assigns
viewing probabilities around the predicted centre.
The predictor achieves approximately 5° MAE and
above 90% viewport hit rate. Sensitivity is assessed
by injecting controlled Gaussian noise into predicted
coordinates.

Network traces

Network conditions

Actor architecture

Critic role

Public operational 5G traces are used to reproduce
realistic bandwidth variation.

Three modes are considered: disturbed at approxi-
mately 660 Mbps with moderate variation, unstable
at approximately 585 Mbps with large variation, and
stable at approximately 734 Mbps with low variation.
Input layer followed by fully connected layers of 128
and 64 neurons with ReLU activation. Softmax selects
region-wise bitrate actions.

The central critic estimates the global state-action
value and computes COMA counterfactual advantages
for agent-level credit assignment.

Actor learning rate
Critic learning rate
Discount factor
Entropy regularisa-
tion

1 x 10~* using Adam.

5 x 1072 using Adam.

~ = 0.99.

Initial factor 0.99, exponentially decayed by 0.995 ev-
ery 103 iterations.

Continued on the next page
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Table 4.2 — continued from the previous page

Reproducibility EDGE360 experimental setting
item
QoE model Combines viewport-aware perceptual quality with

Perceptual metric
Fairness metric
Baselines

Baseline implementa-
tion

quality-switching, rebuffering, and latency penalties.
VMAF-based 360° models estimate tile-level percep-
tual quality.

Jain’s fairness index measures QoE fairness across
concurrent clients.

RAPT360, 360SRL, and BOLA360.

Baselines are reproduced from their original descrip-
tions and evaluated in the same simulator. Where
compatible public code is unavailable, methods are
re-implemented and modified only to interface with
the shared evaluation pipeline.

Identical test condi-
tions

Evaluation metrics

Statistical reporting

Significance testing

All methods use the same videos, viewport traces, 5G
traces, bitrate ladder, chunk duration, client counts,
and QoE formulation.

Average reward, chunk QoE, VMAF, Jain’s fairness in-
dex, rebuffering, latency, bitrate allocation, viewport-
error sensitivity, scalability, and runtime.

Results are reported as five-seed means. Error bars
denote + one standard deviation, and 95% confidence
intervals are reported for principal QoE, fairness, and
rebuffering results where applicable.
Repeated-measures ANOVA compares EDGE360,
RAPT360, 360SRL, and BOLA360 for normalised QoE,
Jain’s fairness index, and average rebuffering time.
The repeated-measures design reflects the matched
test conditions used for all methods. When a signifi-
cant method effect is detected, Holm-corrected paired
post-hoc comparisons are applied between EDGE360
and each baseline to control the family-wise error
rate.

4.5.5 Results and Analysis

This section compares the EDGE360 adaptation approach against the fol-
lowing baseline adaptive streaming techniques: BOLA360 (a buffer-based
360° ABR strategy that primarily prioritizes rebuffering avoidance), 360SRL
(a DD@QN-based learning approach for 360° streaming), and RAPT360 (an
A3C-based reinforcement learning solution that performs rate adaptation
for 360° streaming with adaptive prediction and tiling). Using these base-
lines, the performance of EDGE360 across multiple assessment measures
was thoroughly evaluated, including (i) tile-level perceptual quality using

VMAF under different bitrate levels and tile sizes, (ii) chunk-wise QoE vari-
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Figure 4.10: Bitrate Vs VMAF of 2D Video and 360° videos (Sunset,
Alaska, and Beach)

ation (QoE switches) over time, (iii) rebuffering penalties, (iv) multi-client
resource allocation fairness (e.g., Jain’s fairness index), and (v) training
convergence behavior across epochs. This shows how EDGE360’s optimiza-
tion architecture impacts adaptive learning, rebuffering, and video quality
switches, demonstrating its ability to achieve high QoE and network effi-
ciency across various 360° video content.

Fig. 4.10 shows the relationship between bitrate (Mbps) and quality, ex-
pressed in terms of VMAF scores for 2D and 360° video content for three test
videos (Sunset, Alaska, and Beach). The 2D video shows a clear trend, with
rising bitrate resulting in an increasing rise in VMAF scores, implying im-
proved video quality. This trend is predicted since greater bitrates improve
encoding efficiency, reduce compression artefacts, and improve perceived
quality. Notwithstanding the trend of rising bitrate, 360° videos continually
have lower VMAF scores than 2D videos. This disparity comes from the
intrinsic complexity of 360° details, which requires substantially more data
to reach the same visual quality as 2D video.

The three 360° test videos exhibit different VMAF trends across bitrate
values due to their distinct spatial and temporal complexity. Sunset, with

the highest spatial complexity content, requires a higher bitrate to maintain
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a good VMAF score, placing it ahead of Beach and Alaska at higher bitrates
owing to rich visuals that involve more encoding resources. Alaska, with
the highest temporal complexity, imposes challenges to adaptation since
fast motion demands precise viewport prediction for persistent video quality.
Beach, with low temporal and moderate spatial complexity, has a smoother
quality trend but falls behind Sunset in VMAF scores. The compression in-
efficiencies of 360° videos, attributed to vast FoV and diverse environments,
underline the need for proficient adaptive streaming such as EDGE360 that

optimizes quality variation dynamically while minimizing rebuffering.

Fig. 4.11 illustrates the relationship between tile size and average VMAF
score for the three 360° test videos: Sunset, Alaska, and Beach. A rise
in tile granularity from 4x2 to 16x8 improves VMAF scores for all videos,
demonstrating the advantages of finer-grained tiling for higher video qual-
ity. Sunset typically gets the best VMAF ratings because of its high spatial
complexity and moderate temporal complexity, which benefits from higher
bitrate allocation at finer tile resolutions. Despite its higher temporal and
moderate spatial complexity, Alaska follows a similar pattern, although with
a bit lower scores due to motion-induced compression inefficiencies. Beach,

with moderate spatial complexity and little temporal variation, has the low-

113



est VMAF growth but still benefits from finer tile segmentation. The error
bars demonstrate that quality fluctuates and narrows as tile resolutions
grow, indicating improved consistency at higher granularity. Employing
adaptive streaming optimization algorithms, the graph properly represents

the impact of tile size on perceived video quality.
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Figure 4.12: Comparison of average chunk QoE values for different adap-
tive streaming strategies across three test videos, with error bars repre-
senting + one standard deviation.

Fig. 4.12 demonstrates that EDGE360 outperforms other tile-aware
viewport-based adaptive streaming strategies by consistently achieving the
greatest QoE across all test videos. The greatest improvement over BOLA360
is shown with EDGE360, which offers greater QoE for Sunset, Alaska, and
Beach by 22.97%, 18.94%, and 24.33%, respectively. Lower QoE results
from BOLA360’s buffer-based adaptation’s inability to effectively optimize
viewport-aware streaming. EDGE360’s QoE for Sunset, Alaska, and Beach
is 11.16%, 13.03%, and 11.34% higher than 360SRL, respectively, demon-
strating its resilience when handling high-motion and spatially diverse video
content. Against RAPT360, EDGE360 stays ahead, particularly in Beach
(7.18%), Alaska (9.50%), and Sunset (9.90%), demonstrating its efficiency
in adapting to varying video characteristics, dynamic viewport trajectories,
and network conditions. EDGE360’s improved performance is primarily
due to its adaptive viewport-aware tiling approach, which allocates band-

width appropriately depending on viewport prediction and content complex-
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Figure 4.13: Log-scaled rebuffering penalty for three test videos (Sun-
set, Alaska, and Beach) through different adaptive streaming techniques
(EDGE360, 360SRL, RAPT360, and BOLA360), with error bars represent-
ing + one standard deviation.

ity. EDGE360 dynamically prioritizes tiles in the user’s viewport, guarantee-
ing efficient bitrate allocation while retaining excellent perceptual quality.
This is particularly pertinent for videos like Sunset, which have high spatial
complexity and require high bitrates. Alaska has also high temporal com-
plexity and requires swift adaptation to motion changes. EDGE360 provides
an improved balanced trade-off between quality enhancement and rebuffer-
ing minimization by utilizing the MARL approach, resulting in considerably
enhanced QoE across different test videos compared to state-of-the-art so-
lutions. Fig. 4.13 presents the log-scaled rebuffering penalty for EDGE360,
360SRL, RAPT360, and BOLA360 over three test videos. EDGE360 consis-
tently attains the lowest rebuffering penalties by utilising predictive adap-
tation based on COMA reinforcement learning, which allows for efficient bi-
trate allocation and viewport-aware tile prioritization. In contrast, BOLA360
suffers the most penalty, notably in Sunset and Alaska, where its entirely
buffer-based adaptability struggles with significant spatial and temporal
complexity, resulting in frequent rebuffering occurrences. It is worth not-
ing that reducing rebuffering does not always result in higher video quality.
Some techniques, such as RAPT360, provide lower rebuffering penalties,

especially in Sunset, but struggle to adequately optimize perceptual quality,
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Figure 4.14: CDF vs. unfairness for different streaming strategies ensur-
ing balanced resource allocation across clients.

whereas 360SRL performs ineffectively concerning rebuffering reduction
and video quality enhancement. EDGE360 finds a balance by minimiz-
ing rebuffering while maintaining excellent visual quality via MARL-based
decision-making that adjusts to both network fluctuations and viewport
variations. In Beach, wherein temporal complexity is lower, each approach
faces less cost, but BOLA360 continues to perform poorly owing to its re-
active nature. EDGE360’s ability to strike intelligent trade-offs between im-
provement in quality and rebuffering minimization makes it a more effective
adaptive 360° streaming solution in terms of delivering a seamless viewing
experience.

Fig. 4.14 demonstrates EDGE360’s improved fairness in resource al-
location, with the curve hitting higher values at lower unfairness levels.
This displays its MARL-based optimization, which balances QoE across
clients. 360SRL and RAPT360 are moderately fair, while BOLA360 is the
most unfair, owing to its buffer-based adaptation, which prioritizes rebuffer-
ing avoidance over fair resource allocation. These findings are consistent
with Jain’s Fairness Index (Eq. 4.19) concepts presented in the above sec-
tion. EDGE360 significantly reduces QoE disparities, guaranteeing consis-
tent and proportionate quality adaptation across each client. EDGE360
(COMA) outperforms RAPT360 (A3C) and 360SRL (DDQN) by employing
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Figure 4.15: Comparison of the CDF vs. normalized average chunk QoE
for sessions simulated on three test videos employing different adaptive
streaming strategies.

a centralized critic to ensure enhanced fairness and effective utilization
of resources among clients. Dynamically optimizing viewport-based tile-
aware streaming avoids severe QoE shifts, making it excellent for multi-
client adaptive streaming use cases.

To explain the performance differences, Fig. 4.15 presents the CDF of
the normalized average chunk QoE. The EDGE360 CDF exhibits a rightward
shift compared to the baselines, indicating that a larger fraction of chunks
achieves higher QoE values. In contrast, 360SRL and RAPT360 have in-
termediate QoE distributions, with slopes ranging between EDGE360 and
BOLA360. This implies that while these strategies can attain reasonable
QOE levels, their learning-based adaptations underperform in optimising
quality under evolving network and content scenarios. BOLA360 has the
steepest and most leftward-shifted CDF curves, indicating an inability to
maintain high QoE. These results support EDGE360’'s COMA-based MARL
optimisation, which improves viewport-aware adaptation and bitrate allo-
cation, providing consistent, high-quality streaming across a range of video
characteristics. Fig. 4.16 shows the chunk-wise QoE transitions over multi-
ple adaptive streaming techniques (EDGE360, 360SRL, RAPT360, and BOLA360)
with the same three test videos already described: Beach, Sunset, and
Alaska. These test videos were selected to span diverse content character-
istics (e.g., high spatial complexity in Sunset and high temporal complexity

in Alaska), as discussed in the earlier section. These results highlight how
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each technique controls video quality over time, demonstrating its capacity
to maintain stability while adapting to network changes. All evaluations
were conducted under a time-varying 5G throughput trace with alternat-
ing high/medium/low bandwidth regimes and frequent short-term drops,
capturing bursty capacity and congestion effects typical of mobile access

networks.
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Figure 4.16: Variations in chunk-wise QoE values for adaptive streaming
strategies, randomly selected from three test video session simulations.

EDGE360 displays strong QoE performance, delivering excellent and
consistent chunk-wise quality. This strengthens its advantage over other
adaptive streaming strategies, particularly in dealing with the challenges
of viewport-based tile-aware 360° video streaming under dynamic network
circumstances. With very little variation, EDGE360 consistently maintains
the most constant QoE across all videos, remaining above 75-85 in Beach
and 80 above in Sunset. On the other hand, RAPT360 and 360SRL strug-
gle with bitrate fluctuations and rapid adjustments to video motions, seeing
sporadic decreases (such as chunks 20, 35, and 50 in Beach and chunks 15
and 42 in Sunset). With significant dips at Chunks 5, 23, and 45 in Beach,
10, 27, and 50 in Sunset, and 12, 32, and 48 in Alaska, BOLA360 exhibits
the lowest performance, underscoring its incapacity to manage varying sit-
uations. Although every approach is challenged by Alaska, which has the
most temporal complexity, EDGE360 still performs better, exhibiting only
slight deviations at chunks 30 and 45, whilst RAPT360 and 360SRL have

difficulties with motion-heavy regions.
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Figure 4.17: Average training reward (QoE) achieved by EDGE360,
360SRL, RAPT360, and BOLA360 for approximately 50 epochs.

Fig. 4.17 depicts the learning process of different adaptive stream-
ing techniques in 50 epochs, emphasizing their potential to optimize re-
ward values. EDGE360 has the highest final average reward, surpassing
360SRL, RAPT360, and BOLA360 by 11.86%, 8.12%, and 18.00%, respec-
tively, demonstrating EDGE360’s higher level of convergence and refine-
ment. EDGE360’s COMA-based MARL framework employs a centralized
critic with an advantage function, allowing for more accurate credit assign-
ment to individual agents. This alleviates the multi-agent credit assignment
challenge by discriminating between beneficial joint actions and subopti-
mal actions. In contrast to DD@N, which may exhibit unstable Q-value
estimation, and A3C, which is less effective under partial observability and
multi-agent scalability constraints, COMA employs an actor-critic architec-
ture with counterfactual policy gradients, enabling more stable learning
and more effective adaptation to dynamic network conditions. The central-
ized critic in COMA allows agents to make coordinated decisions, avoiding
the solitary suboptimal updates. This results in more rapid convergence,
less inconsistent policy updates, and ultimately superior decision-making

in a multi-client adaptive streaming environment.
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Figure 4.18: Ablation study showing the impact of disabling each
EDGE360 component individually on normalized QoE, Jain’s fairness
index, and rebuffering time.

4.5.5.1 Ablation Study and Comparative Evaluation

To evaluate the individual impact of each core module in EDGE360, an ab-
lation study was performed by selectively disabling one component at a time
and measuring changes in normalized QoE, Jain’s fairness index, and re-
buffering time per chunk. As shown in Fig. 4.18, the full EDGE360 config-
uration achieves the best performance across all metrics.

The deactivation of COMA-MADRL leads to a substantial deterioration of
performance, resulting in a reduction in fairness from 0.90 to 0.67, which
constitutes a 23% decrease, and an increase in rebuffering time from 0.07
s/chunk to 0.26 s/chunk. This underscores the fundamental importance of
COMA’s counterfactual advantage function in facilitating cooperative bitrate
decisions and equitable resource allocation in multi-agent environments.

Disabling the VMAF-driven granularity reduces fairness from 0.90 to
0.81 and QoE from 0.86 to 0.76, due to perceptual quality misalignment
and inefficient tile prioritization. The removal of this module also increases
rebuffering time to 0.18 s/chunk, reflecting wasted bandwidth on exchang-
ing data associated with less relevant regions. Disabling edge caching leads

to network-induced stalls and delivery delays, lowering QoE to 0.69 and fair-
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ness to 0.77, with rebuffering increasing to 0.21 s/chunk due to the reliance
on remote content sources. Lastly, removing the hierarchical tiling strat-
egy and applying uniform granularity results in fairness dropping to 0.77
and QoE to 0.68, with rebuffering rising to 0.17 s/chunk. This indicates
degraded spatial bandwidth efficiency and poorer adaptation to viewport
importance.

These results validate EDGE360’s modular design: each component con-
tributes significantly to maintaining high-quality, fair, and stall-resilient
360° video streaming.

Fig. 4.19 provides a comparative analysis of EDGE360 and benchmark
methodologies (BOLA360, 360SRL, RAPT360) with respect to three princi-
pal performance metrics: normalized QoE, Jain’s fairness index, and the
average rebuffering duration per segment. EDGE360 demonstrates su-
perior performance over state-of-the-art benchmarks (BOLA360, 360SRL,
RAPT360) across all principal metrics, achieving a 26.8% enhancement in
QoE, a 55.2% increase in fairness, and a 70.8% reduction in rebuffer-
ing time compared to BOLA360; a 16.4% advancement in QoE, a 30.4%
improvement in fairness, and a 65% decrease in rebuffering relative to
360SRL; as well as a 7.6% elevation in QoE, a 21.6% betterment in fairness,
and a 56.3% diminution in rebuffering time than RAPT360. These findings
underscore the effectiveness of the COMA-driven multi-agent coordination,
hierarchical region-based tiling, and decentralized actor execution, affirm-
ing the framework’s real-time adaptability and fairness awareness under
various streaming conditions. The implementation of the COMA framework
plays a crucial role, as it addresses the multi-agent credit assignment chal-
lenge by calculating per-agent counterfactual baselines that elucidate the
influence of individual actions on the global reward, substantially enhanc-
ing fairness among clients and promoting more stable and equitable learn-
ing among agents. In contrast, other methodologies, such as 360SRL and
RAPT360, lack cooperative coordination among agents, leading to uneven

QoE distribution and increased rebuffering.
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Figure 4.19: Comparison of QoE, fairness, and rebuffering time across
state-of-the-art ABR streaming schemes.
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Figure 4.20: Sensitivity of EDGE360 to reward weight A\, showing optimal
QOE, fairness, and rebuffering near A = 1.2.

122



4.5.5.2 Hyperparameter Tuning and Sensitivity Analysis

To ensure the optimal performance of the COMA-MADRL framework within
EDGE360, a systematic hyperparameter tuning process was employed. The
actor and critic networks were trained utilizing the Adam optimizer, with
learning rates of 1 x 10~% and 5 x 1072 respectively. To manage the trade-off
between exploration and exploitation, the entropy regularization coefficient
was initialized at 0.99 and subjected to an exponential decay by a factor of
0.995 every 10? iterations. Furthermore, early stopping was implemented to
mitigate overfitting and to guarantee generalization across a variety of client
conditions.

The sensitivity of EDGE360 to the reward weight A was evaluated, which
governs the trade-off between maximizing user QoE and promoting fairness.
Fig. 4.20 shows the variation in normalized QoE, Jain’s fairness index, and
rebuffering time as A ranges from 0.5 to 1.6. Increasing A consistently im-
proves fairness, peaking at A = 1.2 with a fairness index of 0.90. At this
point, normalized QoE also reaches 0.87, and average rebuffering drops to
0.07 s/chunk. Beyond this point, however, overemphasis on fairness leads
to QoE degradation and increased buffering.

While the fairness index exceeds normalized QoE numerically, this does
not imply superior perceptual quality. Jain’s index measures the equity of
QoE distribution, while QoE itself reflects the average user-perceived ex-
perience, which may still vary across clients due to video complexity or
network heterogeneity. This distinction emphasizes the need for balanced
optimization.

This analysis substantiates the design of the reward function and un-
derscores the significance of adjusting A to maintain a balance between
fairness and QoE. Additional parameters, such as o = 0.9, 8 = 1.5, {( = 3.5,
and |e| = 0.8, were empirically optimized through a grid search to guarantee

training stability and dynamic robust learning.
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Figure 4.21: Scalability of EDGE360 under increasing client load: slight
QoE and fairness decline due to bandwidth contention, with low rebuffer-
ing maintained by decentralized actors and region-aware tiling.

4.5.5.3 Scalability and Real-Time Feasibility

Fig. 4.21 illustrates the scalability performance of EDGE360 as the number
of clients increases from 16 to 64, reflecting typical high-density 5G stream-
ing scenarios. Three critical performance metrics are evaluated: normalized
average QoE, Jain’s fairness index, and average rebuffering time per chunk.

As depicted in Fig. 4.21, an increase in the client count from 16 to
64 results in a moderate deterioration in both normalized QoE and fair-
ness. Specifically, the normalized QoE declines from 0.87 to 0.81, even-
tually reaching 0.77, while the fairness index reduces from 0.92 to 0.84
and subsequently to 0.80. This degradation is predominantly attributed
to elevated bandwidth contention among clients utilizing shared wireless
access points and edge resources. As a greater number of users concur-
rently stream high-resolution 360° video content, adaptive mismatches and
compromises in bitrate occur with increased frequency.

Despite these challenges, EDGE360 maintains stable rebuffering behav-

ior. The average rebuffering time increases from 0.076s/chunk at 16 clients
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Table 4.3: Optimized per-decision runtime breakdown of EDGE360 at the
edge server under varying client loads

Module | Runtime (ms)
16 Clients

LSTM-based Viewport Prediction 1.8

VMAF-based Tile Prioritization 2.0

QoE and Utility Evaluation 1.2

Actor Network Inference 1.9

Total Runtime 6.9
32 Clients

Actor Network Inference 3.8

Total Runtime 8.8
64 Clients

Actor Network Inference 7.7

Total Runtime 12.7

to 0.10s and 0.14 s at 32 and 64 clients, respectively. This resilience is en-
abled by two architectural enablers: (i) decentralized actor networks, where
each client adapts independently based on its local observations, eliminat-
ing centralized inference delays, and (ii) region-aware hierarchical tiling,
which intelligently assigns finer granularity to viewports and coarser tiles
to peripheral regions, optimizing bandwidth use across the multi-client en-
vironment.

Table 4.3, presents the average per-decision runtime breakdown of EDGE360,
measured on an edge server. The overall processing pipeline comprises
viewport prediction via LSTM, tile prioritization using pre-computed VMAF
scores, QoE utility evaluation, and inference by parallel actor networks.

While the first three stages of the EDGE360 pipeline, viewport prediction,
tile prioritization, and QoE evaluation exhibit fixed latency regardless of the
number of clients, their cumulative runtime is significantly optimized, total-
ing approximately 5.0 ms. In contrast, the actor network inference latency
scales linearly with the number of clients but remains lightweight at 0.12 ms
per client due to model quantization and efficient design. It is important
to note that the centralized critic network in COMA introduces computa-
tional overhead only during training and is not active during inference. As

a result, the final per-decision runtime at the edge is further reduced, as
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only the decentralized actor networks are executed. Owing to this modular
and parallel architecture, the total per-decision latency remains well within
real-time constraints even under the heaviest load of 64 concurrent clients,
and the overall decision latency stays below 13ms. This is significantly
lower than the typical 2-second video chunk duration, ensuring compli-
ance with ultra-low latency requirements for real-time VR streaming over
5G networks.

This responsiveness enables scalable and real-time bitrate adaptation
for high-resolution 360° VR streaming in 5G edge environments. Notably,
real-time VR systems require motion-to-photon latency below 20ms and
ideally under 15ms to prevent discomfort and maintain immersion [189].
The proposed optimized EDGE360 architecture achieves an end-to-end per-
client decision latency consistently under 13 ms, even when supporting up
to 64 concurrent clients. This meets the ultra-low latency demands of in-
teractive VR experiences. Moreover, prior research shows that maintaining
latency below 15-20ms can enable up to a fivefold reduction in bitrate for
foveated VR video streaming, whereas latencies exceeding 45 ms severely re-
duce such efficiency gains [190]. Thus, the designed low-latency pipeline of
EDGE360 ensures perceptual fidelity and real-time responsiveness, which

are necessary for delivering immersive media over next-generation networks.

4.5.6 Statistical Significance Analysis

In order to further strengthen the reliability of the EDGE360 evaluation,
a statistical significance analysis was conducted for the principal perfor-
mance metrics: normalized QoE, Jain’s fairness index, and average re-
buffering time per chunk. These three metrics were selected because they
directly represent the main objectives of EDGE360, namely improving per-
ceptual quality, maintaining fairness among multiple clients, and reducing
playback interruptions. Since EDGE360 and the baseline methods are eval-

uated under the same video sequences, viewport traces, 5G network traces,
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bitrate ladder, chunk duration, and client settings, the comparison follows
a matched experimental design. Therefore, a repeated-measures statistical
analysis is appropriate, as each method is tested under identical experi-

mental conditions.

Table 4.4: Seed-level statistical summary for EDGE360 and baseline
methods.

Metric Method n Mean Std. dev. 95% CI

QoOE BOLA360 5 0.680 0.008 [0.670, 0.690]
QoOE 360SRL 5 0.742 0.009 [0.731, 0.753]
QoE RAPT360 5 0.800 0.007 [0.791, 0.809]
QoE EDGE360 5 0.860 0.006 [0.853, 0.867]
Jain’s fairness index BOLA360 5 0.582 0.007 [0.573, 0.591]
Jain’s fairness index 360SRL 5 0.689 0.008 [0.679, 0.699]
Jain’s fairness index RAPT360 5 0.742 0.006 [0.735, 0.749]
Jain’s fairness index EDGE360 5 0.899 0.007 [0.890, 0.908]
Rebuffering time (s/chunk) BOLA360 5 0.241 0.006 [0.234, 0.248]
Rebuffering time (s/chunk) 360SRL 5 0.200 0.005 [0.194, 0.206]
Rebuffering time (s/chunk) RAPT360 5 0.162 0.005 [0.156, 0.168]
Rebuffering time (s/chunk) EDGE360 5 0.072 0.004 [0.067, 0.077]

Table 4.4 presents the seed-level statistical summary for EDGE360 and
the baseline methods. The table reports the number of seed-level n eval-
uations, mean values, standard deviations, and 95% confidence intervals
(CI) for normalized QoE, Jain’s fairness index, and average rebuffering time
per chunk. These additional dispersion measures provide a clearer indica-
tion of the stability and uncertainty of the reported results across repeated
evaluations.

For normalized QoE, EDGE360 achieves the highest average value of
0.860, with a narrow 95% confidence interval of [0.853, 0.867]. In com-
parison, RAPT360, 360SRL, and BOLA360 achieve lower average QoE val-
ues of 0.800, 0.742, and 0.680, respectively. This confirms that EDGE360
provides the strongest overall quality adaptation among the compared ap-
proaches. The lower standard deviation and narrow confidence interval of
EDGE360 indicate that its QoE performance remains stable across repeated

seed-level evaluations.
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For Jain’s fairness index, EDGE360 again achieves the highest aver-
age value of 0.899, with a 95% confidence interval of [0.890, 0.908]. By
contrast, RAPT360, 360SRL, and BOLA360 achieve lower fairness values
of 0.742, 0.689, and 0.582, respectively. Since Jain’s fairness index ap-
proaches 1 when QoE is distributed more equally among users, this result
indicates that EDGE360 provides a more balanced QoE distribution across
concurrent clients. This improvement is mainly due to the COMA-based
multi-agent coordination mechanism, which considers both local client per-
formance and global fairness during bitrate decision-making.

The rebuffering results in Table 4.4 further show that EDGE360 pro-
duces the lowest average rebuffering time per chunk. EDGE360 records an
average rebuffering time of 0.072 s/chunk, with a 95% confidence interval
of [0.067, 0.077]. In comparison, RAPT360, 360SRL, and BOLA360 record
higher rebuffering values of 0.162, 0.200, and 0.241 s/chunk, respectively.
This reduction demonstrates that EDGE360 makes more effective bitrate
and tile-granularity decisions under fluctuating network conditions. In par-
ticular, the viewport-aware and region-aware adaptation strategy enables
EDGE360 to preserve high quality in perceptually important regions while
avoiding unnecessary bandwidth consumption in less visible regions.

Overall, the small standard deviations and narrow confidence intervals
across the three metrics indicate that the observed improvements are con-
sistent across the repeated seed-level evaluations. Therefore, the reported
gains are not limited to isolated runs, but reflect stable performance im-
provements under matched video, viewport, and network-trace conditions.

Fig. 4.22 visually compares the same three performance metrics across
all methods. Fig. 4.22(a) shows that EDGE360 achieves the highest normal-
ized QoE, confirming the benefit of using COMA-based cooperative learn-
ing together with viewport-aware tile prioritisation. Fig. 4.22(b) shows that
EDGES360 also provides the highest fairness score, indicating that the pro-
posed reward design successfully reduces QoE imbalance among clients

sharing network resources. Fig. 4.22(c) shows that EDGE360 achieves the
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Figure 4.22: Statistical comparison of EDGE360 and baseline methods
using seed-level mean values and standard deviations for normalized
QoE, Jain’s fairness index, and average rebuffering time per chunk.

lowest rebuffering time per chunk, demonstrating that the proposed ap-
proach improves playback continuity while maintaining high perceptual
quality.

The error bars in Fig. 4.22 represent the standard deviation across re-
peated seed-level evaluations. Smaller error bars indicate lower variability
and more consistent performance. EDGE360 maintains both high mean
performance and low variation across the evaluated metrics. This suggests
that the performance gains are not caused by isolated runs or favourable
trace conditions, but are consistent across repeated evaluations.

To formally assess whether the observed differences among the meth-
ods are statistically significant, repeated-measures ANOVA was applied to
each metric. The repeated-measures design is suitable because all methods
were evaluated under matched conditions, meaning that each method was
tested using the same videos, viewport traces, network traces, and stream-
ing configuration. The null hypothesis assumes that there is no statistically
significant difference among EDGE360, RAPT360, 360SRL, and BOLA360
for a given metric. A statistically significant ANOVA result indicates that

the choice of adaptation method has a measurable effect on the metric.
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Table 4.5: Repeated-measures ANOVA results for EDGE360 and the base-
line methods across five matched seed-level evaluations.

Metric df F-statistic p-value Effect size 7
Normalized QoE 3,12 401.58 2.69 x 10712 0.9901
Jain’s fairness index 3,12 1347.54 1.97 x 1071? 0.9970
Average rebuffering time 3,12 802.54 4.35 x 10714 0.9950

Table 4.5 presents the repeated-measures ANOVA results for normalized
QoE, Jain’s fairness index, and average rebuffering time per chunk across
EDGE360, RAPT360, 360SRL, and BOLA360. The analysis considers five
matched seed-level evaluations, where every adaptation method is evalu-
ated under the same seed and corresponding experimental conditions. This
matched design controls for variation across the repeated evaluations and
enables the effect of the adaptation method to be assessed more directly.
With four methods and five matched evaluations, the method and residual
degrees of freedom are 3 and 12, respectively.

The results demonstrate a statistically significant effect of the adapta-
tion method on all three performance metrics. For normalized QoE, the
analysis yields F(3,12) = 401.58 with p = 2.69 x 1072, indicating that the
QoE differences among the four methods are highly unlikely to have arisen
from random seed-level variation. Similarly, Jain’s fairness index produces
F(3,12) = 1347.54 with p = 1.97 x 1071, confirming that the selected adapta-
tion method has a statistically significant influence on the fairness achieved
among concurrent clients. For average rebuffering time, F'(3,12) = 802.54
with p = 4.35 x 10~!4, demonstrating that the differences in playback in-

terruption among the evaluated methods are also statistically significant.

The partial eta-squared values further indicate that the adaptation method
has a very large effect on the evaluated metrics. The reported nz values of
0.9901, 0.9970, and 0.9950 for normalized QoE, fairness, and rebuffering, re-
spectively, indicate that a substantial proportion of the within-evaluation

variance is associated with the choice of adaptation method. Therefore,
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Table 4.6: Holm-corrected post-hoc paired comparisons between
EDGE360 and the baseline methods across five matched seed-level evalu-
ations.

Metric Comparison Corrected p-value Result

QoE EDGE360 vs. RAPT360 2.18 x 1074 Significant
QoE EDGE360 vs. 360SRL 7.16 x 107° Significant
QoE EDGE360 vs. BOLA360 1.13 x 107° Significant
Fairness EDGE360 vs. RAPT360 7.03 x 1076 Significant
Fairness EDGE360 vs. 360SRL 7.03 x 1076 Significant
Fairness EDGE360 vs. BOLA360 1.17 x 107© Significant
Rebuffering EDGE360 vs. RAPT360 1.02 x 107° Significant
Rebuffering EDGE360 vs. 360SRL 6.63 x 1076 Significant
Rebuffering EDGE360 vs. BOLA360 3.91 x 1076 Significant

the null hypothesis that EDGE360 and the three baseline methods achieve
equal mean performance is rejected for all three metrics.

The omnibus ANOVA establishes that statistically significant differences
exist among the four adaptation methods, but it does not identify the spe-
cific pairs responsible for these differences. Consequently, Holm-corrected
paired post-hoc comparisons are subsequently employed to compare EDGE360
individually against RAPT360, 360SRL, and BOLA360. The direction of the
differences is determined from the seed-level descriptive statistics in Ta-
ble 4.4, which show that EDGE360 achieves the highest normalized QoE
and Jain’s fairness index and the lowest average rebuffering time per chunk.
For normalized QoE, the reported F-statistic indicates a strong difference
among the four methods, with a p-value far below the significance threshold
of p < 0.05. This confirms that the QoE differences observed in Table 4.4
and Fig. 4.22 are statistically meaningful. Similarly, the ANOVA result for
Jain’s fairness index confirms that the fairness improvements achieved by
EDGE360 are statistically significant. The ANOVA result for rebuffering time
also shows a significant method effect, confirming that the reduction in re-
buffering is not due to random variation. The subsequent Holm-corrected
paired comparisons confirm that these advantages are statistically signifi-

cant against RAPT360, 360SRL, and BOLA360 individually.
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Table 4.6 presents the Holm-corrected paired post-hoc comparisons be-
tween EDGE360 and the three baseline methods across the five matched
seed-level evaluations. These comparisons were conducted after the repeated-
measures ANOVA established a statistically significant overall effect of the
adaptation method on normalized QoE, Jain’s fairness index, and average
rebuffering time. The Holm correction controls the family-wise error rate
arising from the multiple pairwise comparisons and therefore reduces the
likelihood of false-positive conclusions.

The comparison with RAPT360, which is the strongest-performing base-
line in Table 4.4, is particularly important. EDGE360 achieves a higher
mean normalized QoE (0.860 versus 0.800), a higher mean Jain’s fairness
index (0.899 versus 0.742), and a lower mean rebuffering time (0.072 versus
0.162 s/chunk). The corresponding Holm-corrected p-values are 2.18 x 1074,
7.03 x 107%, and 1.02 x 10~°, respectively, all of which are below the 0.05 sig-
nificance threshold. Therefore, the advantages of EDGE360 over RAPT360
are statistically significant for all three metrics and are not attributable to
random seed-level variation.

Since the ANOVA results indicate significant differences among the meth-
ods, post-hoc pairwise comparisons were conducted to identify where the
differences occur. Table 4.6 reports Holm-corrected post-hoc comparisons
between EDGE360 and each baseline. The Holm correction is applied sep-
arately to the three EDGE360-versus- baseline comparisons within each
metric. Holm correction is used to control the family-wise error rate when
multiple pairwise comparisons are performed. This is important because
testing EDGE360 against multiple baselines increases the probability of ob-
taining false-positive significance results if no correction is applied.

The post-hoc results in Table 4.6 show that EDGE360 significantly out-
performs RAPT360, 360SRL, and BOLA360 for normalized QoE. This con-
firms that the QoE improvement achieved by EDGE360 is statistically signif-
icant against each individual baseline. The fairness comparisons also show

statistically significant improvements over all baselines, demonstrating that
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the proposed fairness-aware COMA reward design provides a measurable
advantage in multi-client streaming scenarios. For rebuffering time, EDGE360
again shows statistically significant improvements over all baselines, con-
firming that the proposed adaptive decision-making mechanism effectively
reduces playback stalls.

Overall, the statistical analysis supports the reliability of the EDGE360
results. EDGE360 achieves higher average QoE and fairness and lower
rebuffering time than the baseline methods, while the repeated-measures
ANOVA confirms a significant overall method effect and the Holm-corrected
paired comparisons confirm that the improvements over RAPT360, 360SRL,
and BOLA360 are individually statistically significant. The combined re-
porting of mean performance, standard deviation, repeated-measures ANOVA,
and corrected post-hoc testing provides stronger evidence that the observed

gains are consistent across the matched evaluations.

4.6 Limitations of the EDGE360 Evaluation

Although the experimental results demonstrate the effectiveness of EDGE360
for multi-client 360° video streaming, several limitations should be acknowl-
edged. It is important to note that, the evaluation is simulation-based and
utilized the realistic network and viewport traces while performing experi-
ments. Public 360° video datasets, recorded viewport/head-rotation traces,
and real 5G network traces were used to emulate realistic streaming con-
ditions; however, EDGE360 was not deployed in a live end-to-end MEC-
assisted 360° video streaming testbed with real users, head-mounted dis-
plays, and operational edge infrastructure. Therefore, the reported results
should be interpreted as controlled and reproducible evidence under real-
istic simulated conditions rather than as full real-world deployment valida-
tion.

Furthermore, the perceptual quality assessment relies on VMAF-based

objective video quality estimation. VMAF is useful because it provides a
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repeatable and widely used perceptual quality indicator for video quality
comparison. In EDGE360, the quality model is further adapted through
viewport and region-aware weighting so that viewport tiles contribute more
strongly to the QoE calculation than marginal or background tiles. How-
ever, VMAF was originally developed mainly for conventional video quality
assessment and may not fully capture all subjective aspects of immersive
360° VR viewing, including peripheral perception, head-motion discomfort,
projection distortion, visual attention shifts, and user tolerance to spatial
and temporal quality changes.

Moreover, the evaluation does not include a formal subjective user study.
As aresult, the reported QoE gains, fairness improvements, and rebuffering
reductions should be understood as objective metric-based improvements
rather than subjective Mean Opinion Score (MOS)-validated user experience
gains. A controlled subjective VR study with head-mounted displays would
be required to further validate how closely the VMAF-based and QoE-based
conclusions align with actual user perception.

These limitations do not affect the fairness of the comparative evalua-
tion, because EDGE360 and all baselines were tested under the same video
sequences, viewport traces, network traces, bitrate ladder, chunk duration,
and QoE formulation. However, EDGE360 as an edge-assisted, low-latency-
oriented, and QoE-aware framework validated through realistic simulation.
Future work would extend the evaluation through live MEC/5G testbed de-
ployment, subjective VR user trials, cross-device testing, and evaluation

with larger and more diverse user populations.

4.7 Chapter Summary

This chapter presents EDGE360, a COMA-based MADRL framework for edge-
driven, viewport-aware, tile-adaptive 360° video streaming. Designed to
improve both client QoE and fairness under heterogeneous network condi-

tions, EDGE360 leverages VMAF-based granularity selection and viewport
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prediction to intelligently distribute bitrates across tiles, resulting in a more
effective DASH-based streaming experience. Unlike previous schemes, RAPT360
(A3C-based), 360SRL (DD@QN-based), and BOLA360 (buffer-based) EDGE360
utilize a centralized critic with decentralized actors to coordinate bitrate
adaptation across multiple clients, enhancing learning stability, fairness,
and efficiency. Its integration of edge caching and deep-learning-based
viewport prediction further reduces latency and rebuffering, improving adapt-
ability in dynamic 5G conditions. Extensive evaluations demonstrate that
EDGE360 achieves 8.12%, 11.86%, and 18.00% higher average rewards
than RAPT360, 360SRL, and BOLA360, respectively.
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Chapter 5

METAVV: A Perceptual-Aware
Meta-Learning Framework for
Viewport-Adaptive Volumetric

Video Streaming

5.1 Introduction

This chapter introduces METAVV, a novel client-driven adaptive streaming so-
lution for VV that leverages Meta-RL to improve QoE under dynamic network
and viewpoint conditions. Unlike traditional rate adaptation schemes that
rely on static heuristics or server-side intelligence, this solution empowers
the client with a lightweight, fast-adapting policy trained through episodic
interaction and generalized across diverse streaming sessions. The proposed
solution integrates viewport prediction, perceptual quality evaluation, and
network state monitoring into a compact representation that feeds a meta-
learned policy network. This chapter details the supporting architecture (i.e.,
the client-side components and their interactions), associated adaptation mech-

anism, testing, and performance analysis.
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Figure 5.1: METAVV solution’s architecture: a client-based meta-learning
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Relationship to accepted work: This chapter forms the basis of the manuscript
by F. E. Subhan, A. Yaqoob, C. H. Muntean, and G.-M. Muntean, entitled

“A Viewport-Adaptive Spatial Saliency-Based Meta-Reinforcement Learning
Framework for Perceptual-Aware Volumetric Video Streaming,” IEEE Trans-
actions on Network Science and Engineering, July 2026, doi:
10.1109/TNSE.2026.3715507 [20]. The thesis version provides an expanded
treatment of the reproducibility settings, sensitivity analysis conclusion,

variance and statistical significance results, and evaluation limitations.

5.1.1 Overview of the METAVV solution

Fig. 5.1 illustrates the architecture of the METAVV solution, which is com-
posed of a dedicated volumetric video server and a client-side adaptive
streaming framework. The major components of the proposed solution are
the View-Centric Content Block (VAQM), the Network-State Block (NSI), and
the client-side meta-learner. The volumetric video server stores point-cloud
content encoded at multiple bitrates and LoD representations. At the same
time, the client executes the proposed adaptation algorithm to request the

most suitable representation for each upcoming chunk.
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At each decision step, the client observes the user’s predicted 6-DoF
viewing state together with the current streaming state, including viewport-
centric perceptual quality, network throughput, and buffer occupancy. Based
on these inputs, METAVV determines region-prioritized bitrate and LoD de-
cisions for the next volumetric video chunk.

Operationally, METAVV follows a closed-loop delivery pipeline. First,
the VAQM block estimates which spatial regions are likely to be viewed in
the near future and assigns higher perceptual importance to those regions,
namely the viewport, marginal, and background regions, while also comput-
ing viewport-aware perceptual quality metrics for the available client repre-
sentations. Second, the NSI block provides real-time throughput and buffer
measurements, which constrain feasible adaptation decisions and reduce
the risk of rebuffering. These view-centric and network-centric signals are
then fused into a compact client state and passed to the meta-learner.

Within this client-side learning module, the adaptation process is driven
by latent context inference and meta-conditioned policy learning. Specifi-
cally, a context encoder infers a latent session representation from recent
interaction history, and the meta-conditioned ABR policy uses this inferred
context together with the current client state to select the next region-wise
bitrate /LoD action.

After the action is selected, the volumetric server delivers the requested
representation for the next chunk according to the chosen region-wise adap-
tation decision. The client then renders the received chunk, computes the
corresponding QoE reward, observes the next playback state, and uses this
new experience to update the latent context for subsequent decisions. In
this way, METAVV continuously adapts its bitrate and LoD selections to

dynamic user motion, perceptual preferences, and network variations.

5.1.2 View-Centric Content Block (VAGM)

The role of the VAQM block is to convert the predicted 6-DoF viewpoint

into region-level perceptual priorities and tile-wise quality signals, which
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later guide the region-wise bitrate/LoD decisions of the meta-conditioned
ABR policy (see Fig. 5.1). The volumetric scene is processed by a geometry-
aware V-PCC segmentation module [191], which partitions the point cloud
into spatial tiles. Each tile is encoded at one of three LoDs: fine (f), medium
(m), and coarse (c), trading off the bitrate against the perceptual fidelity,
where a finer LoD is associated with higher bitrate, but preserves more
geometric details.

To determine tiles of perceptual importance, a lightweight temporal model
forecasts the user’s 6-DoF viewport pose for the upcoming chunk, as shown
in Fig. 5.2:

v(t) = [2, 9, 2, yaw, pitch, roll](¢) (5.1)

Here, z,y,Z denote the predicted 3D user position, and yaw, pifch,réll
denote the predicted orientation angles of the user’s 6DoF pose for the next
chunk. This predicted pose defines a 3D view frustum, allowing spatial

classification of tiles into three angular regions:

Fo, ifAY, <7

Tn € Fm,s if 7, < Awn < Tm (5.2)

Fy, otherwise

where A1), denotes the angular offset between tile 7, and viewport cen-
ter, and 7,, 7, are region thresholds for F, (viewport), F,, (marginal), and F,
(background) regions.

To prioritize perceptually critical tiles, a Laplace-based angular attention

model computes the relevance of each tile:
_ 1 —|n — ¢n(t)]
Po(n,t) = o exp < ; (5.3)

where ¢,, denotes the angular position of tile 7, ¢, (t) represents the pre-
dicted viewport center direction, and b is a dispersion parameter controlling

the spread of the attention distribution. A distance-aware LoD tiling tech-
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nique modifies tile granularity according to viewing distance and region rel-

evarice.

&
Viewport QY >
Tiles (%) < @%
Marginal
Tiles (7,)

Background
Tiles(%,)

Rendered

Viewport

Figure 5.2: 6-DoF coordinates, viewport, and view frustum in the visual
space illustrating adaptive tiling of volumetric content.

The perceptual utility used in METAVV is constructed by combining a
PCQM-derived tile fidelity term with viewport- and distance-aware weight-
ing. Specifically, for each tile 7,, at time ¢, we first compute a perceptual fi-
delity score S, (t) using PCQM [36], which captures both geometry and color
distortions between the reference and reconstructed point-cloud content.
METAVV then maps this PCQM-based fidelity into a viewport-tile utility by
applying (i) a viewport importance weight v, and (ii) a distance attenuation

factor where d,(t) is the user tile Euclidean distance and » controls

1
1+ndn(t)’
how strongly distance reduces the tile’s contribution (larger 7 yields faster

decay and thus emphasizes closer tiles):

1

Wy=p ~—
O = )

- Sa(t). (5.4)
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Figure 5.3: Client-side adaptation logic in METAVV using latent inference
and meta-policy networks.

Finally, to obtain the cumulative viewport-centric perceptual quality for
the current chunk, METAVV aggregates viewport-region tiles n € F, em-
ploying the angular attention weights P,(n,t) from Eq. (5.3), which reflect

each tile’s likelihood of being viewed:

Qu(t) = Y Puln,t)- QW (1). (5.5)

nE]'—v

Overall, this formulation prioritizes tiled regions that are both more
likely to fall within the predicted FoV and closer to the user, thereby con-
tributing more to the viewport-centric quality score Q,(¢) that guides region-
prioritized bitrate/LoD selection.

The viewport-weighted quality in METAVYV is computed explicitly in Eq. 5.5.
First, Eq. 5.5 maps the PCQM-derived tile fidelity S,,(¢) into a viewport-aware
and distance-aware tile utility Qg’) (t) using the viewport importance coef-

ficient v, and the distance attenuation term . Then, Eq. 5.3 aggre-

1
1+ndn (t)
gates the resulting tile utilities using the angular attention weight P, (n,t),
which represents the probability that tile 7;, lies close to the predicted view-
port centre. Region weighting is introduced through the classification of
tiles into F,, F,,, and F}p, with the viewport region receiving finer LoD and
higher bitrate, the marginal region receiving moderate LoD /bitrate, and the

background region receiving lower LoD /bitrate. Therefore, METAVV does

not compute perceptual quality as a uniform average over the entire point

142



cloud; instead, it prioritises tiles that are more likely to be viewed, closer to
the user, and perceptually more important.

To facilitate adaptive region-based rate control under fluctuating network
conditions, METAVV defines a discrete bitrate pool R = {Ry, Ra,...,Rk},
consisting of K available bitrate levels (K > 3), sorted in descending order
such that Ry > Ry > --- > Rg. Instead of directly assigning a fixed bitrate
to each spatial region, METAVV first defines three representative bitrate
sub-ranges denoted as Ry (high), Rjs (medium), and R;, (low) to represent
the bitrate selection for the viewport, marginal, and background regions,
respectively. The high-quality range Ry = {R; — R3} serves as the bitrate
candidate pool for the perceptually critical viewport region F,. The medium-
quality range Ry = {Ri—1, Ry, Ri+1}, where k = | K/2], is associated with the
marginal region F,,. The low-quality range R; = {Rx_2, Rx_1, Rk} serves
as the candidate set for the background region 7.

At each time step ¢, the actual bitrate assigned to each region is se-
lected from its respective sub-range based on real-time system conditions:
current network throughput w; and buffer occupancy b;. Scheme-defined
thresholds, wy, and by, are used to determine whether the network state is

favorable or constrained. The bitrate selection strategy is expressed as:

{RH, RM, RL}, if W¢>Wih and bt>bth;
{Ros Rins R} = (5.6)

{Rwm,Rr,Rr}, otherwise

where R,, R, and R; denote the bitrate selections for the viewport,
marginal, and background regions, respectively. This hierarchical assign-
ment ensures that perceptually critical regions (e.g., F,) receive higher bi-
trate and finer LoD encoding, while less salient areas (e.g., F;) are coarsely
encoded to conserve bandwidth under constrained conditions.

Fig. 5.4 illustrates the distance-aware refinement strategy using three
distance thresholds set to d;=0.5m, dy=1.2m, and d3=2.2m), correspond-

ing to region-based tiling and density adaptation for a volumetric client at
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near, mid-range, and far viewing distances, respectively. As the user moves
farther from the scene, the predicted FoV derived from the forecasted 6-
DoF pose v(t) expands in both vertical and horizontal directions due to the
widening of the visual frustum, consistent with human perception, where
peripheral coverage increases with distance. This change in spatial cover-
age requires an adaptation of the tiling/point-density configuration. Specif-
ically, the viewport region (orange) spans a larger area but is rendered with
reduced point cloud density as distance increases, reflecting the distance-
weighted perceptual utility in Eq. (5.4). In particular, as the Euclidean

distance d,(t) grows, the attenuation factor lowers the benefit of

fine-detail rendering.

In parallel, the angular attention term P,(n,t) (Eq. (5.3)) weights tiles
by their directional proximity to the predicted viewport center 6,(¢). The
combined distance and angular weighting enables efficient prioritization of
visually salient regions across varying FoV conditions, improving percep-
tual fidelity while reducing redundant rendering and transmission. The
marginal (green) and background (blue) regions keep fixed tiling/density to

maintain stable encoding overhead, illustrating how METAVV balances LoD

fidelity and network cost as a function of user distance.

5.1.3 Client Adaptation with Meta-Learner

As illustrated in Fig. 5.1, the client-side adaptation loop in METAVV fuses
view-centric cues from VAQM (e.g., predicted viewport relevance and per-
ceptual quality) with network-state measurements from NSI (e.g., through-
put and buffer) to construct the streaming state s; for each decision step
(chunk) ¢t. This state is passed to the Meta-Learner, which is meta-trained
across diverse tasks (users, contents, and network traces) to learn a gen-
eralized initialization. During online streaming, a Context Encoder uti-
lizes the recent state action reward history to infer a latent session context
2t ~ q(2 | -), capturing short-term dynamics of the current session. Con-

ditioned on (s, 2¢), the Meta-Conditioned ABR Policy my(at | st, zt) selects the
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Figure 5.4: Distance-aware point cloud adaptation in METAVYV. Illustra-
tion of region-based tiling and density adaptation for a volumetric client
at (a) 0.5m, (b) 1.2m, and (c) 2.2 m distances. The predicted FoV (orange)
expands with distance, while the point cloud density decreases to reduce
rendering and bandwidth costs. The marginal (¢reen) and background
(blue) regions are assigned moderate and low densities, respectively. In-
sets (a)-(c) highlight varying point cloud densities mapped to the viewport
region for each distance scenario.

next action a; (region-wise bitrate/LoD choice) for the upcoming volumetric
chunk. The server then delivers the corresponding representation adapted
to the viewport-relevant tiled region, the client observes the reward r;, and
the transition s;11 = f(s¢, a;) closes the loop for continuous task-aware rate
adaptation.

Fig. 5.3 further details the inference and policy stages of this client-side
loop. Each volumetric streaming session is treated as a separate task with
its own dynamics. To handle partial observability caused by unpredictable
viewport motion and fluctuating network conditions, METAVV employs an
inference module /,,, parameterized by v, which aggregates historical ob-
servations into a compact latent belief state z;.

Let p denote the number of past timesteps included in the client’s context
history, and let ¢;_,..—1 represent the concatenated vector of past through-
put measurements w, buffer occupancy values b, and viewport-perceptual
quality scores Q,, as shown in Fig. 5.3. At each decision step ¢, the client

observes:

Ct—p:it—1 = [wt—p:t—la bt—p:t—l; Qv(t —p:t— 1)] (5.7)
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where ¢;_,.;—1 denotes the observation window over the past p timesteps,
wi—p:t—1 and b;_,,;—1 are the historical throughput and buffer occupancy se-
quences, and Q,(t—p : t—1) is the corresponding viewport-perceptual quality
history.

This sequence forms the input to a latent encoder, a probabilistic infer-
ence network parameterized by ¢, which is responsible for producing the
belief z;. The latent encoder in METAVV is implemented as a Gaussian Mix-
ture Model (GMM) based inference network that captures the multi-modal

characteristics of complex streaming environments:
n . .
2~ Qo2 | Clopit—1) = Zm -/\/’(,ugl),agz)) (5.8)
i=1

where z; denotes the latent belief at time ¢, g4(2 | ¢;—p:¢—1) is the varia-
tional posterior inferred from the observation window, n is the number of
mixture components, and 7, #g"), and agi) are the mixture weight, mean,
and variance of the i-th Gaussian component, respectively.

The resulting latent belief vector z; encodes short-term session dynam-
ics, including the interplay between network throughput, buffer evolution,
and viewport-centric perceptual quality, as illustrated in Fig. 5.3. By sup-
plying this latent variable to the policy network, METAVV enables fast and
robust adaptation to diverse and previously unseen streaming conditions.
The GMM-based inference mechanism follows insights from recent work
on task inference for RL in non-stationary settings [192], providing a prin-
cipled approach to summarizing heterogeneous observations into a low-
dimensional context vector. Unlike general PEARL, where the latent con-
text is used with a task-agnostic policy backbone, in METAVV the inferred
belief z; is embedded into a volumetric streaming pipeline with structured
region-wise actions and perceptual decision variables. In particular, z; con-
ditions bitrate/LoD allocation across viewport, marginal, and background
regions, while the downstream reward is computed from a viewport and

distance-aware PCQM-driven QoE model.
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5.1.3.1 Region-Based Action Selection with Latent Meta-Policy

Given the latent belief vector z; inferred from historical session observations,
the policy network 7y synthesizes both z; and the current observable state s,
to make region-wise adaptation decisions. The action output a; determines
bitrate and LoD assignments for the viewport, marginal, and background

mesh regions:

at = {(Iv, Qm, ab} ~ 7T9((It | St, Zt) (59)

where a,; denotes the selected region-wise action, mg(a; | s¢, 2;) is the meta-
conditioned policy, and a,, a,,, and a; represent the bitrate-LoD selections
for the viewport (F,), marginal (F,,), and background (F;) regions, respec-
tively.

If enabled, an optional action pruning module filters out suboptimal or
infeasible adaptation actions based on real-time constraints such as band-
width, decoder complexity, and latency limits. By leveraging the learned
policy and region-aware adaptation granularity, METAVV allocates high-
fidelity resources to viewport content while reducing bandwidth assigned
to less critical regions. Unlike my prior EDGE360 framework, which used
VMAF-based tile evaluation for 360° video [19], METAVV integrates a distance-
aware perceptual utility model that aligns with 6-DoF motion and mesh
complexity. This enables adaptive fidelity tuning for both near-field high-
detail content and far-field sparse objects.

Upon rendering chunk C;;, the framework evaluates QoE utilizing the

following reward formula:

QoE(t) = Qult) — - AQu(t) — B+ p(t) — - D(1) (5.10)

where Q,(t), defined in Eq. (5.5), represents the distance-aware viewport
perceptual quality, and AQ,(¢) penalizes abrupt inter-chunk quality varia-

tion and encourages temporal quality smoothness. The term p(t) captures
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the total stall and rebuffering duration during chunk playback, and D(t)
denotes the playback latency measured from chunk request to rendering.
The tunable coefficients «, 3, and ¢ weight the influence of these penalties.

This composite reward scheme enables the agent to balance high per-
ceptual quality, playback stability, and low-latency responsiveness across
heterogeneous streaming conditions. The formal Meta-POMDP definition
and the corresponding inner and outer-loop optimization are presented in

Section IV.

5.1.4 Viewport and Distance-Aware Region-Based Adaptation

Mechanism

After the client selects a region-wise bitrate /LoD action «a;, the volumetric
video server delivers the corresponding encoded assets for the next chunk.
Specifically, the server receives an action command a; = (R;, \¢), where R;
denotes the selected bitrate profile (applied per region) and \; € {A\1, A2, A3}
specifies the point cloud density (LoD) levels for the viewport, marginal,
and background regions. The server then transmits only the geometry seg-
ments corresponding to the selected LoD values (A, A\,,, \y) and bitrate as-
signments (R,, R, Ry), further restricted to tiles predicted to fall within the
client’s viewport for the upcoming chunk, thereby reducing unnecessary
bandwidth consumption.

The VAQM module filters out non-visible tiles, while NSI and the QoE
estimators enforce feasible trade-offs among perceptual quality, resource
usage, and decoding cost. In this way, the delivery mechanism translates
the policy decision into viewport-aware and distance-aware content trans-
mission under dynamic user motion and heterogeneous network conditions.

Algorithm 2 presents the latent-conditioned FoV and distance-aware
region-based bitrate adaptation logic in METAVV. This module serves as
a mechanism for providing input support to the meta-policy network’s pre-

diction and adaptation decisions in Algorithm 3, leading to more informed
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decisions. Given the predicted 6-DoF pose v; and a tile set P with spatial
centroids «,, tiles are first segmented into three spatial regions viewport F,,
marginal Fm, and background Fb based on angular offset A¢,, and user-
centric distance d,,. Simultaneously, a latent context vector z; is inferred
via the GMM-based inference module ¢,(2; | ¢t —p:t— 1), which encodes
the client’s recent throughput, buffer, and perceptual quality history. This
belief guides the adaptive assignment of region-wise bitrate suggestions
Rv, Rm,Rb using throughput and buffer thresholds wth, bth, thereby con-
straining the meta-policy’s feasible action space. After the requested chunk
is delivered, the algorithm computes a QoE reward r;, observes the next
state s;;1, and appends the transition (s, as,r, si+1) to the context buffer,
enabling posterior refinement for the next decision via 211 ~ ¢4(2i41 | Ct—p:t)-
This closed-loop inference update supports temporally consistent, percep-
tually guided adaptation under dynamic network and user motion condi-
tions.

This adaptive mechanism enables METAVV to perform viewpoint and
distance-aware resource allocation, thus reducing the redundant transmis-
sion of tiles with low perceptual relevance. Consequently, it improves both
perceived visual quality and streaming efficiency under heterogeneous net-

work conditions and diverse user navigation trajectories.

5.2 METAVV Rate Adaptation and Problem Formula-
tion

The METAVV solution uses a Meta-Markov Decision Process (Meta-MDP)
to improve perceptual quality, reduce latency, and increase robustness in
VVS. In real-world circumstances where future viewport trajectories, net-
work conditions, and system delays are unpredictable, a Meta-POMDP of-
fers a more realistic and robust formulation.

This Meta-POMDP structure incorporates uncertainty and delayed feed-
back by allowing the agent to deduce hidden state dynamics from observ-

able signals (e.g., buffer trends, spatial saliency, viewport shifts, and previ-
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Algorithm 2: FoV and Distance-Aware Region-Based Bitrate
Adaptation in METAVV

© 0N O G W

b e e
B W N~ O

15
16
17
18
19

20
21
22
23

24
25

Input : Predicted 6-DoF pose o; = (z,y, z, yaw, pitch, roll),
Tile set P = {T,}}_, with centroids x,,
Angular thresholds: 7,, 7p,;
distance thresholds: d;, ds,
Client session history: c¢;—p:—1

[wt—p:t—la bt—p:t—la Qv(t —p:t— 1)],

Bitrate subranges R = {Ry, Ry, R},

Thresholds: throughput wy,, buffer by,
Output Region-wise bitrate suggestions conditioned on z;:

{R’Ua Rma Rb}

Step 1: Infer client-specific latent context: z; ~ qg(z | ci—p:—1) EQ.

(5.8)
Initialize region tile sets: F, =0, F,, =0, F, =0
foreach 7, ¢ P do
Compute angular offset Af, from predicted viewport
Compute distance d,, = ||k, — (z,y, 2)||
if (A6, <7,) N (d, < d;) then
Add T,, to F,
else if (A6, < 7,) N (d1 < d, < d3) then
| Add T, to Fp,
else
| Add T, to F,
end
end
Step 2: Conditioned bitrate range assignment per region if

Wt—p:t—1 > Wep N btfp;tfl > by, then
| Ry < Ry, R+ Ry, Ry« Ry
else

| Ry < Rary R < Rp, Ry Ry
end

return {R,, R, Ry}

Step 3: Observe reward and update inference context

Compute QoE reward r,
Observe next state s,

Append transition to context buffer: ¢,

{(Sta Qt, Tt 3t+1)}

<_

Ct—pit—1 U

Update posterior for next step: 241 ~ ¢4(2i41 | Ct—pit—1)

return (a;, 2441)
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ous throughput) rather than depending on complete environment visibility.
The inference network learns compact latent variables that inform the pol-
icy, allowing for adaptive and generalisable decision-making across variable
streaming settings.

Formally, employing the Meta-POMDP and QoE-aware reward design,
the meta-learning objective is defined as:

Problem P1:

H
qu)xx E [Z At QoE(t) (5.11)
t=0

® represents the shared initialization for both the inference and pol-
icy networks, and v € [0, 1] is the discount factor. These parameters are
modified via meta-gradient updates to allow for quick adaptability across a
variety of streaming situations. The outer loop optimizes long-term QoE,
while the inner loop fine-tunes the model for task-specific responsiveness,

forming the basis of the METAVV learning process.

5.2.1 Foundation of Meta-POMDP

In order to maximize expected QoE, the client chooses region-wise bitrate
and point cloud density levels over a temporal sequence of decision points
in the METAVV adaptive streaming framework. This interaction is modelled

as a Meta-POMDP, described by the tuple:

Mmeta = (S,A,O,T, r?VapOa(ﬁ) (512)

where Mpeta denotes the Meta-POMDP formulation of the streaming en-
vironment, S is the latent state space, A the action space (region-wise bi-
trate/LoD choices), O the observation space, 7 the transition dynamics, r
the QoE-driven reward, v is the discount factor, py is the initial state distri-
bution, and ¢ represents the meta-learned parameters.

At each time step ¢, the underlying latent state s; € S encodes the
viewport-centric perceptual quality Q,(¢), current buffer occupancy b(¢),

and recent network throughput w(t). These variables represent the actual
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conditions experienced by the client but are only partially observable due
to latency, estimation noise, and measurement limitations.

Instead, the client receives observations o, € O containing delayed and
noisy estimates Q,(t), b(t), and (t) corresponding to the true latent state.
These observations, along with historical action-reward pairs where ry.,;
denote the observed QoE rewards from previous decisions, are processed
by an inference network /,,, parameterized by 1, to infer a representation of

latent belief:

8¢ = Iy (014, G1:0—-1,T1:¢—1) (5.13)

The belief state §; serves as an approximation of the true latent state un-
der partial observability. It is passed to the policy network 7y, parameterized
by task-specific weights 6, to generate a region-wise action a; ~ my(a | ;).

The transition model 7 (s;y1 | s¢,a:) governs the system’s evolution over
time, reflecting changes in the state due to user posture, bandwidth varia-
tions, and the implemented bitrate/LoD selection.

The objective is to meta-train a policy 7y such that, given a new task
instance 7; ~ p(T), the adapted parameters initialized from ® = 1,0 can
optimize long-term QoE through:

H

7* = arg max; EMmeta Z’yt - QoE(t)
o =0

(5.14)

The METAVV framework employs this Meta-POMDP configuration to ef-
fectively encapsulate streaming variability and uncertainty into belief-driven
representations, allowing for quick, session-aware policy adaptation across

dynamic user and network conditions.

5.2.2 State Formulation for METAVV Adaptive Volumetric Stream-
ing
The client in the METAVV architecture operates autonomously in a highly

dynamic and partially observable streaming environment. All decision-

making transpires immediately on the user device, and the policy is con-
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stantly updated depending on current QoE feedback. This allows the client
to respond swiftly to changes in network bandwidth, viewport motion, and
scene complexity, allowing the framework to generalise well across a wide
range of streaming situations without the need for external coordination
and shared control mechanisms. At each decision time ¢, the client con-

structs a feature observation vector:
o) = { Qh=(), Bt), Fow(), ...} (5.15)

where QMst(t) refers to past viewport quality estimates, 5(t) the buffer
level, and 7:Lw(t) the throughput history all potentially noisy due to predic-
tion and sensing inaccuracies. The inference network I, processes these

observations and past interactions to output a belief state:

S(t) = Iy (01:4, A1:4—1,T1:0—1) (5.16)

This latent state S(¢) then guides the policy network 7, in selecting bitrate
and point cloud density decisions.

The true underlying state of the client at time ¢ is defined as follows:

S(t) = {Hw(t), w(t), A(t), B(t), Q='(t), Pu(t),
(5.17)

u(t)v Dv(t)v gseg(t)a AQv(t)v p(t), D(t)}

where S(¢) denotes the system state at time ¢; Hyy (), w(t), and A(t) rep-
resent throughput/download dynamics, viewport orientation, and region-
specific LoD configuration, respectively; B(t) and Qlst(t) denote the buffer
level and viewport-quality history; P,(t) (Eq. 5.3) is the predicted visibil-
ity map, U(t) = [uy(t), um(t),up(t)]’ denotes region data sizes, and D,(t) =
[dy(t), dm(t), dy(t)]T captures perceptual degradation derived from PCQM with
distance-weighted penalization. The segmentation layout Gseg(t) encodes

the active region granularities and associated LoD costs, while AQ,(t), p(¢),
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and D(t) follow Eq. (5.10). These multimodal signals are compacted into be-
lief representations to enable resilient, QoE-aware bitrate/LoD adaptation

under partial observability.

5.2.3 Meta-RL Policy Learning for METAVV

Building on the latent adaptation pipeline established in Section 5.2, METAVV
applies a meta-RL strategy to enable rapid policy personalization across dy-
namic volumetric streaming sessions. Each session is treated as a task
T: ~ p(T), representing unique combinations of bandwidth variation, user
pose trajectory, and content complexity.

The objective of meta-training is to learn a global parameter initializa-
tion ® from which client-specific policies 7wy can quickly adapt to maximize
long-term perceptual QoE under session-specific dynamics. The policy is
conditioned on the latent belief z;, inferred from recent streaming context
ci—pi—1, and generates region-level bitrate and LoD actions accordingly. To
enable value-guided adaptation, METAVV utilizes the twin critic network
Q41,45 (5t, a1, 2¢) to estimate action values under the inferred context. The
policy is optimized using QoE-driven reward feedback obtained from the ex-
ecuted region-wise actions. In particular, the inner-loop adaptation updates
the task-specific policy parameters using recent session experience, while

the outer-loop optimization refines the shared initialization across tasks.

5.2.3.1 Inner and Outer MetaRL Updates
At each time step, a policy copy 6, is adapted using an inner-loop gradient
update that optimizes a temporally discounted QoE objective:

ét—i—l = ét +n- vétﬁadapt(ét) (5.18)

adapt 9t Z v QOE (5.19)
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This inner-loop loss fine-tunes the task-specific parameters 6, using post-
playback QoE signals, where the temporal discount factor v modulates the
weight of immediate versus future perceptual quality. Unlike the meta-
objective in Eq. (5.11), which updates the shared initialization ® across
task distributions, L,qapt Specializes the policy within a single task 7; based
on short-term episodic feedback. This enables fast adaptation without re-
quiring long training traces or prior task knowledge.

To support value-based learning, the twin critics are optimized using soft
double Q-learning to reduce overestimation bias [193]. The target value for

both critics is computed using the minimum of the delayed target networks:

=ri+v- min Qz (Ser1,mo(St11,2¢), 2 5.20
Ye=ri+7 je{1,2}Q¢J( t+1, T (8141, 2t), 2t) (5.20)

where y; is the target Q-value and @, denotes the target critic networks,
and each critic is updated by minimizing the temporal-difference (TD) error

with respect to its target:

j 2
Egjr)itjc = E(st,at,rt,st+1)~D [(Qdy (St7 G, zt) - yt) :| (521)

where j € {1,2}, D denotes the episodic experience replay buffer con-
taining past transitions (s, a;, 7, s1+1) used to stabilize the learning of the
twin Q-networks through mini-batch sampling. This twin-critic structure
improves learning stability by avoiding overly optimistic Q-value estimation
and enables more robust policy updates.

The meta-learner then performs an outer-loop update to improve the

initialization ® using the adaptation feedback:

P+ D—-wv- V@ Eﬂwp(T) [ﬁmeta(ét-i-l)] (5.22)

This ensures that ¢ evolves to serve as a strong starting point for future
sessions, allowing rapid personalization from minimal observations without

requiring task-specific retraining.

155



5.2.3.2 Entropy and Latent Regularization

To promote exploration and enhance generalization, the meta-training pro-

cess incorporates two regularization components:

Entropy Regularization Encourages stochasticity in policy actions, pre-

venting premature convergence:

5(7rét) = — Zﬂgt(a | 8¢, 2¢) log ﬂét(a | st,2¢) (5.23)

a

where £(7; ) denotes the entropy regularization term, 7; (a | st, 2¢) is the
policy distribution conditioned on the state s; and latent variable z;, and «a

denotes the action space.

Latent Prior Alignment Ensures that the learned posterior g¢,(z | )
remains compact and consistent with a standard prior p(z;), typically as-
sumed Gaussian. This is enforced via the Kullback-Leibler (KL) divergence

[194] term:

Dxu(gqy(2t | ct) || p(2t)) (5.24)

5.2.3.3 Final Meta-Objective

The complete meta-loss function optimized in Eq. (5.22), (5.23), (5.24) com-

bines all components:

Emeta(at) - ['adapt(et) +n g(ﬂ'ét)
A (5.25)
. Drw (g (1 | @) || (1)) + woL e
Here, 7, wgr, and wg balance the contributions of policy entropy, latent
alignment, and twin critic consistency. This unified loss promotes policies

that are both adaptive to user behavior and robust to environmental varia-

tion, while leveraging compact contextual representations for generalizable
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Algorithm 3: METAVV: Meta-Reinforcement Learning for Adaptive
Volumetric Video Streaming

Input

: Meta-policy parameters @,
Inner learning rate », meta learning rate v,
Number of training episodes K,
Adaptation horizon T,
Client environment distribution £

Output Meta-learned initialization ®*

foreach episode k =1,..., K do

1
2 Sample client environment &, ~ £
3 Initialize task-specific policy: 6y < ® // Meta-initialization
4 foreach chunk timestept =1,...,T do
5 Observe partial state S(¢) as in Eq. (5.17)
6 Encode latent belief z; ~ ¢y (2 | ¢t—p:t—1) via GMM inference
7 Sample region-wise bitrate-density action a; ~ 7 (a; | S(t), 21)
using Eq. (5.9)
8 Compute QoE reward r(t) = QoE(t) using Eq. (5.10)
9 Sample next action a1 ~ Wét(at+1 | St41, 2t+1)
10 Compute target value y, = r(t) + v - Jrr:11n2 Q¢;<St+1, A1, Zt4+1)
// Eq. (5.20)
11 Update twin critic networks:
12 C((:jr)iﬁc = (Q¢j(st,at,zt) - yt)Q, for j € {1,2} // Eq. (5.21)
13 Update inner-loop actor policy:
14 Or 1 < 0+ Vg, Ladapt (0) // Eq. (5.18), with Eq. (5.19)
15 end
16 Evaluate adapted policy T, ON validation session
17 Compute meta-gradient: V¢£meta(§T) // Eq. (5.25)
18 Update meta-policy:
19 | & D —v- VoLlmetaldr) // Eq. (5.22)
20 end

21 return o*

learning.

To operationalize the meta-learning framework described above,

Algorithm 3 outlines the end-to-end METAVV training process, encompass-

ing latent inference, region-wise policy adaptation, and meta-gradient up-

dates across episodic client environments.
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5.3 Implementation and Evaluation

5.3.1 Simulation Settings

To evaluate the performance of METAVV, a complete VVS pipeline in Python
3.9 using PyTorch, running on Ubuntu 24.04 LTS, was implemented. Sim-
ulations were executed on a high-performance setup featuring an Intel Core
i7-13700 CPU (16 cores, 2.50 GHz), 64 GB RAM, and an NVIDIA RTX 3090
GPU (24 GB VRAM). Development was carried out using the PyCharm IDE.

We employed the Google DRACO codec for compression and decompres-
sion of RGB-D point cloud sequences [195], and evaluated perceptual qual-
ity using the full-reference PCQM metric [36]. To support adaptive spatial
encoding, the Open3D library [196] was utilized to implement a projection-
based mesh segmentation and distance-aware LoD tiling strategy. Unlike
ViVo [146], which uses a fixed 12-tile layout, METAVV adopts a dynamic
tiling strategy based on user-specific 6-DoF pose and viewing distance ac-
cording to the 3-D space boundary of each frame. It assigns 24, 12, and
6 tiles to the viewport (LoD;), marginal (LoDs), and background (LoDs) re-
gions, respectively, enabling perceptually aware and bandwidth-efficient bi-
trate allocation.

The latent context variable z is modeled as a 5-dimensional vector, in-
ferred via a two-layer variational encoder with 200 hidden units per layer
and ReLU activations. During meta-training, a context buffer of 30 transi-
tions and a batch size of 16 episodes per task were used. The actor, critic,
and encoder networks are optimized using the Adam optimizer with indi-
vidually tuned learning rates of 3 x 1074, 1 x 1073, and 2 x 107°, respectively.
These tuned weights ensure stable policy updates, faster critic convergence,
and robust inference over latent contexts. The KL divergence weight wg, for
latent regularization is set to 1, fully applying the KL penalty in the varia-

tional lower bound to ensure regularization of the latent space and prevent
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(a) 8iVSLF dataset: Longdress, Red&Black, and Soldier.

;
iy

(b) Owlii dataset: Basketball and Dancer.

Figure 5.5: Visual quality representation of transmitted volumetric test
video sequences used in the evaluation: (a) 8iVSLF and (b) Owlii datasets.

overfitting. Training is conducted over 100 epochs, with a discount factor
~v = 0.99 to capture long-term rewards.

The viewport-aware QoE reward function incorporates perceptual qual-
ity, bitrate smoothness, rebuffering time, and latency, weighted respectively
by a« = 18, § = 1.3, and ( = 1.1, as determined through ablation tun-
ing. These settings were found to yield robust and fair adaptation under
diverse client behaviors and network traces. Hyperparameters were tuned
via grid search to achieve robust generalization and fast adaptation in un-

seen streaming environments.

5.3.2 Video Database and Network Traces

The VV sequences used in this study were selected from the 8iVSLF [197]
captured using a multi-camera setup and delivered as a 30fps sequence

over a 10s interval with a depth-10 voxel grid (1024x1024x1024) and
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Owlii [198] dynamic human textured mesh dataset provides dynamic hu-
man mesh/point-cloud sequences such as Basketball and Dancer, captured
at 30fps over 20 s, with ~40k triangles per frame and 2048x2048 texture
maps. Visual quality representation of the volumetric test video sequences
is shown in Fig. 5.5a and 5.5b. Specifically, the Longdress, Red&Black, and
Soldier sequences from 8iVSLF, and the Basketball and Dancer sequences
from the Owlii dataset were employed. These sequences were chosen to rep-
resent a diverse range of motion complexity, spatial geometry, and scene dy-
namics across two distinct datasets, ensuring coverage of both low-motion,
structured scenarios and high-motion complex point cloud variations.
Unlike fixed tiling techniques in [146, 160], METAVV adopts a dynamic,
distance-aware LoD assignment scheme, wherein LoD granularity adapts to
the user’s current viewing distance. This allows for encoding-aware bitrate
savings while preserving perceptual quality in more visually salient regions.
To simulate realistic network behaviour, publicly available bandwidth
traces representing heterogeneous access environments were used.
(i) 4G/LTE traces: the 4G downlink/uplink profiles were taken from the
Belgium LTE trace dataset [199], which provides time-series throughput
logs measured in an operational cellular network and captures typical mo-
bile variability (e.g., bursty rates, short-term drops, and load-driven fluc-
tuations). Although the target deployment is 5G and beyond, these LTE
traces remain relevant because eMBB streaming must operate across mixed-
coverage conditions (e.g., 5G-to-4G fallback, non-standalone deployments,
and edge-of-coverage scenarios), and because the underlying challenges of
stochastic wireless capacity and congestion dynamics persist across gener-
ations; thus, LTE traces offer a realistic baseline for robustness evaluation
under widely observed cellular impairments.
(ii) WiFi traces: WiFi traces were sourced from Kulkarni et al. [200], who
report measurement-driven WiFi behaviour for volumetric streaming under
different WiFi configurations and environments (e.g., home/office), reflect-

ing short-term contention, queueing effects, and latency variability typical
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of shared WLANSs.

(iii) 5G/mmWave traces: to represent emerging 5G conditions, mmWave-
oriented logs from the LIVE-5G system-level evaluation suite [201] were em-
ployed, which capture high-peak-rate 5G behaviour alongside abrupt capac-
ity changes due to blockage, mobility, and scheduling dynamics. Together,
these traces span a spectrum of real-world congestion patterns, mobility ef-
fects, and access heterogeneity, enabling robust evaluation of the proposed

METAVV solution across diverse network contexts.

5.3.3 Viewport Dataset

The publicly available video saliency data and viewport head-rotation tra-
jectories collected from 40 users under free-viewing conditions [202] were
employed to characterize user viewport dynamics in METAVV. These head-
movement traces provide rich 6-DoF metadata that are essential for accu-
rately simulating user navigation behaviors in volumetric environments. In
this dataset, participants viewed VV content on an HMD and were free to
explore regions of interest in 6-DoF during playback. For each viewing ses-
sion, the dataset provides time-ordered 6-DoF head-pose traces comprising
both translation and rotation, i.e., head position (X, Y}, Z;) and Euler-angle
rotations («y, B, :) at each time index t.

In addition to per-user trajectories, the dataset includes frame-level at-
tention cues that are useful for viewport-aware modelling: (i) aggregated
gaze/attention heatmaps constructed across the 40 viewers to indicate where
users tend to look in the point-cloud scene, and (ii) corresponding saliency
maps that highlight visually prominent regions. The original study reports
results on representative human-body point-cloud sequences (e.g., Soldier,
Redandblack, Loot, and Longdress), and organises frames into training/
validation/testing splits (900/150/150 frames) for learning-based viewport
prediction. Overall, these multimodal traces (pose + attention/saliency)

provide the essential inputs for (a) learning/predicting future viewports and
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(b) constructing FoV probability maps that drive perceptually prioritised bi-
trate/LoD adaptation in later sections.

The prediction model adopts a hybrid architecture composed of a unidi-
rectional long short-term memory (LSTM) network [203] and a lightweight
Transformer encoder [204]. This design contrasts with STVP [202], which
relies on a bidirectional LSTM architecture that exploits future orienta-
tion information and is therefore unsuitable for real-time streaming sce-
narios. In the proposed approach, the LSTM component effectively captures
short-term temporal dependencies from historical head-position sequences,
whereas the Transformer module enhances global contextual modelling via
self-attention, thereby enabling more robust and adaptive region-based view-
port predictions [169]. Overall, this combined architecture achieves a favourable
trade-off between real-time adaptability and predictive accuracy, thereby
satisfying the stringent latency and performance requirements of VVS net-
works.

For a comprehensive performance benchmarking in the next section,
the proposed solution was compared against four representative volumetric
streaming baselines.

FewVV, a few-shot adaptation scheme that rapidly tunes the rate/LoD
decision policy using limited session data.

Sparkle, a learning-based perceptual quality-driven strategy that prior-
itizes salient/visible regions to improve perceived quality.

Rolling POT, a rolling-horizon optimization approach that updates deci-
sions over a short look-ahead window to balance bitrate and stability.

ViVo, a viewport-driven volumetric streaming method that emphasizes
view-dependent prioritization under bandwidth constraints. Overall, the
proposed hybrid predictor provides a favourable trade-off between real-time
adaptability and predictive accuracy, thereby satisfying the stringent la-

tency and performance requirements of VVS networks.
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5.3.4 Reproducibility Summary

To improve transparency and reproducibility, Table 5.1 summarises the ex-
perimental configuration used for the METAVV evaluation. The table re-
ports the datasets, viewport traces, network traces, training and evaluation
settings, model configuration, hyperparameters, baseline implementation
strategy, statistical reporting protocol, and code/data availability. All meth-
ods are evaluated using the same volumetric sequences, viewport traces,

network traces, viewing-distance conditions, bitrate/LoD settings, and QoE

formulation to ensure a fair comparison.

Table 5.1: Reproducibility summary for the METAVV evaluation.

Reproducibility item

METAVV experimental setting

Research objective

Streaming scenario

Implementation envi-
ronment
Development environ-
ment

Evaluate METAVV for viewport-adaptive, saliency-
aware, perceptual volumetric-video streaming under
heterogeneous network and viewing-distance condi-
tions.

Client-side volumetric streaming with 6-DoF viewport
prediction, region-wise bitrate/LoD selection, PCQM-
based quality assessment, and latent-context Meta-
RL adaptation.

Python 3.9 and PyTorch on Ubuntu 24.04 LTS.

PyCharm IDE.

Hardware configura-
tion

Encoding
Point-cloud processing

Perceptual metric

Intel Core i7-13700 CPU with 16 cores at 2.50 GHz,
64 GB RAM, and an NVIDIA RTX 3090 GPU with

24 GB VRAM.

Google Draco is used to compress and decompress
RGB-D point-cloud sequences.

Open3D supports projection-based segmentation and
distance-aware LoD tiling.

Full-reference PCQM evaluates geometry and colour
distortion in reconstructed volumetric content.

Learning framework

Problem formulation

Latent context

PEARL-inspired Meta-RL with latent-context infer-
ence, an actor, twin critics, entropy regularisation,
and latent-prior alignment.

The adaptation problem is formulated as a QoE-
driven Meta-POMDP with partial observations of
viewport, network, buffer, and perceptual-quality
states.

A 5-dimensional latent variable z is inferred from re-
cent session observations.

Continued on the next page
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Table 5.1 — continued from the previous page

Reproducibility item

METAVV experimental setting

Encoder architecture

Context buffer
Batch size
Training epochs

Two-layer variational encoder with 200 hidden units
per layer and ReLU activation. Inputs include recent
throughput, buffer, and viewport-quality history.

30 transitions during meta-training and adaptation.
16 episodes per task.

100 epochs.

Optimiser

Actor learning rate
Critic learning rate
Encoder learning rate
Discount factor

KL regularisation

Adam for the actor, critics, and encoder.

3 x 1074

1x1073.

2 x 1072,

v =0.99.

wkr = 1 to constrain the latent posterior and reduce
overfitting.

QoE reward weights

Hyperparameter tun-
ing
Volumetric datasets

Frame rate
8iVSLF properties

Owlii properties

Perceptual quality, smoothness, rebuffering, and la-
tency are weighted using « = 1.8, § = 1.3, and ( = 1.1,
respectively.

Grid search is used to support generalisation and
fast adaptation under unseen conditions.

Public 8iVSLF and Owlii datasets. 8iVSLF includes
Longdress, Red&Black, and Soldier; Owlii includes
Basketball and Dancer.

30 frames per second for all sequences.

Ten-second sequences at 30 fps with a depth-10
voxel grid of 1024 x 1024 x 1024.

Twenty-second dynamic sequences at 30 fps, with
approximately 40,000 triangles per frame and 2048 x
2048 texture maps.

Evaluation grouping

Viewing distances
Viewport traces

Viewport prediction

Five base sequences are grouped into three evalua-
tion cases: Longdress+Dancer, Soldier+Basketball,
and Red&Black.

Near- and far-distance conditions are evaluated sepa-
rately.

Public saliency and head-rotation trajectories from
40 users under free-viewing conditions.

Hybrid unidirectional LSTM and lightweight Trans-
former encoder. The LSTM captures short-term mo-
tion, while self-attention captures longer-range con-
text.

Prediction-error analy-
sis

Network traces

Network conditions

Spatial regions

Sensitivity is measured using MAEgp,r, combining
orientation and position errors with weights &, = 0.65
and &, = 0.35.

Public 4G Belgium traces, Wi-Fi traces from Kulkarni
et al., and 5G/mmWave logs from the LIVE-5G suite.
4G/LTE, Wi-Fi, and 5G/mmWave scenarios capture
cellular variation, contention, latency changes, and
high-bandwidth dynamics.

The scene is divided into viewport F,,, marginal F,,,,
and background F, regions.

Continued on the next page
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Table 5.1 — continued from the previous page

Reproducibility item

METAVV experimental setting

LoD and tile assign-
ment

Action space
QoE model

Region-weighted qual-
ity

Baselines
Baseline implementa-
tion

Distance-aware LoD tiling assigns 24, 12, and 6 tiles
to the viewport, marginal, and background regions,
respectively.

a; = {ay,am,ap} selects region-wise bitrate and LoD
levels for F,, F,,, and Fj.

Combines distance-aware viewport quality with inter-
chunk quality-variation, rebuffering, and latency
penalties.

PC@QM-derived tile quality is weighted by viewport
probability and viewing distance. Tiles nearer the
predicted viewport and user contribute more strongly
to the cumulative score.

Sparkle, FewVV, Rolling POT, and ViVo.

Baselines are reproduced from their original descrip-
tions and evaluated in the same pipeline. Where
compatible public code is unavailable, methods are
re-implemented and modified only to interface with
the common datasets, traces, and QoE model.

Identical test condi-
tions

Independent runs

Random seeds

Evaluation metrics

All methods use the same volumetric sequences,
viewport traces, network traces, viewing distances,
bitrate/LoD settings, chunk decisions, and QoE for-
mulation.

Each principal evaluation is repeated over five in-
dependent seeds, and reported values are averaged
across the runs.

Seeds 1, 7, 21, 42, and 100 are used for the final
evaluations.

PC@QM, normalised QoE, chunk-quality variation, re-
buffering, latency, generalisation stability, training
reward, QoE CDF, GPU utilisation, memory use, and
per-decision runtime.

Runtime

Resource usage

Statistical reporting

Significance testing

End-to-end decision latency is approximately 6.9 ms:
viewport prediction 2.1 ms, LoD tiling 1.6 ms, actor
inference 0.5 ms, QoE evaluation 0.6 ms, and latent-
context inference 0.3 ms.

Less than 13% GPU utilisation and approximately
980 MB memory during online execution.

Results are reported using repeated-seed means with
standard deviations or confidence intervals. Near-
and far-distance results are reported separately in
Section 5.3.6.

Repeated-measures ANOVA compares METAVV,
Sparkle, FewVV, Rolling POT, and ViVo under
matched conditions. Significant method effects are
followed by Holm-corrected paired comparisons be-
tween METAVV and each baseline.
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Figure 5.6: Bitrate vs. PCQM for 8iVSLF and Owlii volumetric video se-
quences under geometry and luma distortion

5.3.5 Results and Analysis

Fig. 5.6 depicts the variation of the perceived geometric quality metric,
quantified by PCQM, as a function of bitrate for the five VV sequences:
Longdress, Soldier, and Red&Black from the 8iVSLF dataset [197], and Bas-
ketball and Dancer from the Owlii dataset [198].

As anticipated, when using all sequences, a monotonic decline in PCQM
values is recorded as bitrate increases, demonstrating perceived quality
gains in the presence of lower compression and quantization artifacts. Due
to its complex and luma rich surface structure, Longdress is associated
with the highest PCQM scores, indicating the greatest visual degradation.
Red&Black has the least amount of distortion due to a fundamental geom-
etry. Soldier exhibits moderate resilience to transmission errors.

The Dancer sequence exhibits greater degradation at low bitrates due to
its highly articulated motion, whereas the Basketball sequence is associ-
ated with marginally improved performance under the same conditions, at-
tributable to its comparatively more homogeneous spatial structures. Fur-

thermore, perceptual quality gains plateau at approximately 20 Mbps, sug-
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Figure 5.7: Per-frame PCQM analysis of the volumetric video sequence
under different LoDs: 100%, 50%, and 20%.

gesting a saturation threshold beyond which additional bitrate allocation
yields negligible improvements in perceived visual quality. This observation
is particularly important for ABR schemes such as METAVV, which seek to
optimize the trade-off between quality and coding efficiency via perceptually
driven bitrate control strategies.

Fig. 5.7 illustrates frame-wise perceptual quality tested using PCQM at
LoD 1, LoD 2, and LoD 3 represent the viewport, marginal, and background
regions, respectively. Over 300 frames, the trend depicts how region-specific
segmentation and adaptive bitrate allocation influence perceived quality.

LoD 1, which represents the user’s primary FoV, has the lowest PCQM
scores, indicating high visual fidelity. LoD 3, located in less essential back-
ground areas, consistently shows higher PCQM values due to aggressive
compression. LoD 2 demonstrates intermediate behaviour, balancing qual-
ity and resource efficiency.

The figure compares both non-tiled and tiled versions of LoD 1. Tiling
results in marginally enhanced PCQM across multiple frames, highlighting
the value of finer granularity for viewport-aware rate adaptation. Overall,
this investigation demonstrates METAVV ’s capability to prioritize perceptu-
ally significant regions while optimising bandwidth usage through distance-

based LoD-aware segmentation.
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Figure 5.8: PCQM values across varying viewing distances for different
Levels of Details (LoDs) in tile volumetric video.

The distance-sensitive perceptual adaptation procedure employed in the
METAVV region-aware streaming framework is illustrated in Fig. 5.8, which
depicts variations in PCQM scores across three LoDs. In this radar-based
visualization, the radial axis represents PCQM-derived distortion, where
lower values correspond to higher perceptual quality, whereas the angular
axis encodes the observer’s viewing distance, spanning the interval from
0.5 m to 2.0 m.

The results correspond with METAVV ’s primary principle: proximity el-
evates sensitivity to geometric decay, necessitating finer LoD selection. At
close-range viewing (0.5-0.9 m), LoD 1 consistently gets the lowest PCQM
scores, providing the smallest polygon and suggesting exceptional geometric
fidelity critical for preserving minor features and depth signals. LoD 2 re-
veals mild distortion, still visually adequate at mid-range distances. LoD 3,
while having the highest PCQM scores (a larger polygon), remains percep-
tually acceptable at greater distances (> 1.4 m and above), where visual

resolution and retinal projection decline.
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Figure 5.9: Sensitivity analysis of METAVV for 6-DoF viewport prediction
error, showing the impact on normalized QoE, and average rebuffering
time per chunk.

As the viewer’s distance increases, the perceptual gap between LoDs
narrows, validating the technique of changing LoD based on proximity.
Through distributing high-detail LoDs only when required, METAVV takes
advantage of this feature to save bitrate without sacrificing user-perceived
quality. This confirms its distance-aware optimization for efficient and per-

ceptually aligned VVS.

5.3.5.1 Sensitivity Analysis with 6-DoF Viewport Prediction Error

We construct a composite viewport prediction error metric, MAEg por, that
simultaneously accounts for both rotational and translational deviations
between the predicted and expected viewport posture to more precisely quan-

tify prediction error in 6-DoF volumetric streaming:

MAE6D0F — fr . MAErot + gp . MAEpOS (5.26)

Here, MAE,,; represents the mean absolute angular error across yaw,
pitch, and roll, while MAE,,s captures the Euclidean positional error in the

(x,y, z) coordinates of the user’s viewpoint. The scalars &, and ¢, weight the
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Figure 5.10: Chunk quality variation and rebuffering time across viewing
distances for different adaptive streaming schemes.

relative contribution of orientation and translation, respectively. For VV,
orientation typically has a dominant effect on viewport region assignment
(Fv), so & = 0.65 and &, = 0.35 were set.

Using MAEgpor €nables a more realistic sensitivity assessment, as trans-
lational drift affects the user’s distance to tiles and thus interacts with the
distance-aware LoD assignment in Eq. 5.5. In METAVV, inaccurate 6-DoF
predictions modify both angular relevance weights P,(n,t) and spatial qual-
ity scores o (t), leading to observable degradation in normalized QoE and
increased rebuffering. Accordingly, QoE and rebuffering were evaluated as
a function of the combined 6-DoF error, with results reported separately
for near-distance and far-distance scenarios to reflect METAVV ’s distance-
aware tiling and density assignment policy. Sensitivity analysis of QoE and
rebuffering as a function of viewport prediction error (MAEg por). As shown
in Fig. 5.9, the impact of viewport prediction error varies with viewing dis-
tance. In near-distance scenarios, METAVV assigns dense tiling and high
point cloud density to preserve detailed geometry. Therefore, minor 6-DoF
prediction mistakes might misalign high-quality regions with the real view-
port, significantly lowering QoE and boosting rebuffering due to excessive
bitrate utilisation.

On the other hand, far-distance viewing scenarios employ sparser tiling
and a reduced point density, thereby making the framework less vulnerable
to prediction inaccuracies. In such cases, errors predominantly affect low-
priority tiles associated with a marginal bitrate overhead, which leads to

a more gradual degradation of QoE and minimal rebuffering events. This
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Figure 5.11: Normalized average QoE comparison across three volumetric
test video sequences: Longdress+Dancer, Soldier+Basketball, Red&Black,
under (a) near and (b) far distance viewing viewing conditions.

observation underscores the critical role of METAVV ’s bitrate adaptation
mechanism and distance-aware tiling strategy in maintaining robustness

under conditions of prediction inconsistency.

5.3.5.2 Impact of 6-DoF viewport prediction error on METAVV

As discussed in the above subsection, the sensitivity analysis explains how
6-DoF viewport prediction error affects the METAVV evaluation. Unlike
360° video, volumetric video depends on both viewing direction and user
position. Therefore, the combined MAEgp,r metric is used to capture rota-
tional error across yaw, pitch, and roll, as well as translational error in the
user’s 3D position. These errors affect both the predicted viewport region
and the distance-aware LoD decision.

In METAVYV, inaccurate 6-DoF prediction changes the angular relevance
weights P,(n,t) and the distance-aware tile quality contribution Q%”) (t). As
a result, high bitrate or finer LoD may be assigned to tiles that are not
actually viewed, while the true visible region may receive lower quality. This
reduces normalized QoE and may increase rebuffering because bandwidth
is consumed inefficiently.

The effect is stronger under near-distance viewing because the user is
more sensitive to fine geometric detail and METAVV assigns denser tiling
and higher point-cloud density to preserve local quality. Therefore, even

small 6-DoF prediction errors can misalign high-quality regions with the
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real viewport, reducing QoE and increasing rebuffering. Under far-distance
viewing, the framework uses sparser tiling and lower point density, so pre-
diction errors mainly affect lower-priority tiles and the degradation is more
gradual. These results clarify that METAVV’s main conclusions are valid
under moderate 6-DoF prediction uncertainty, particularly because the marginal
region, distance-aware attenuation, and latent-context adaptation help re-
duce the impact of prediction errors. However, very large prediction errors

can still reduce the benefit of viewport-adaptive LoD and bitrate allocation.
Therefore, the sensitivity analysis shows that METAVV is robust but not
independent of viewport prediction quality.

5.3.5.3 Perceptual Stability and Reward Learning

Fig. 5.10 presents a comparative analysis of five adaptive volumetric stream-
ing schemes METAVV, Sparkle, FewVV, Rolling POT, and ViVo across a range
of volumetric sequences. Fig. 5.10 (a) and Fig. 5.10 (b) depict the Chunk
Quuality Variation (CQV), a metric quantifying perceptual stability across con-
secutive video chunks, where lower values denote smoother quality deliv-
ery. Under near-view conditions, in which geometric detail exerts a stronger
influence on visual perception, METAVV achieves the most stable qual-
ity profiles, reducing CQV by approximately 20.00% relative to Sparikle,
18.18% relative to Rolling POT, and 14.29% relative to ViVo. This reduction
is primarily attributable to METAVV ’s rapid meta-policy adaptation, which
leverages region-aware segmentation and generalized latent task embed-
dings to attenuate perceptual quality fluctuations across dense, foreground-
dominant geometry. Meanwhile, for Longdress + Dancer near-view CQV is
highest among the content due to dense geometric surfaces, high spatial
complexity, and abrupt foreground saliency, making it more sensitive to
quality fluctuations. Conversely, CQV reduces progressively for Soldier +
Basketball and Red & Black, as symmetry and motion variety allow better

adaptive distribution by learning agents in MEC contextual loops.
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At far distances, perceptual acuity for fine geometry decreases, relaxing
fidelity requirements. Here, METAVV still reduces CQV, improving stabil-
ity by 12.50% over Sparkle, 10.00% over FewVV, 9.09% relative to Rolling
POT, and 7.69% compared to ViVo. Although absolute CQV values decrease
for all schemes at distance, the margin remains highest for METAVV be-
cause latent-variable conditioning enables proactive rate control across fu-
ture network-viewport estimates, preserving perceptual stability even when
details blur. Sparkle shows slight CQV degradation at far range, increas-
ing CQV by up to 40.00% versus near view, as spatial clutter challenges
its saliency camera prioritizer with reduced region contrast. In contrast,
FewVV mildly improves CQV on Soldier+Basketball as far as viewing smooths
symmetric viewpoint assumptions.

The last two sub-plots, Fig. 5.10 (¢) and Fig. 5.10 (d), depict Rebuffer-
ing time per chunk, quantifying lost playback continuity. At near distances,
METAVV lowers rebuffering by 50.00% over Sparkle, 37.50% compared to
FewVYV, 46.15% versus Rolling POT, and 68.75% relative to ViVo. This reduc-
tion is because its meta-policy jointly encodes temporal network traces and
viewport uncertainty into latent embeddings, enabling throughput-driven
buffering at the client. Rebuffering peaks for ViVo on near-view content,
increasing by 60.00% from the optimal scheme on stationary video pairs,
since it cannot adapt to abrupt foreground-geometry loads or fluctuating
bandwidth. The near scene causes the strongest rebuffer surge in all base-
lines due to geometry-heavy polygon clusters that strain bitrate allocation
under viewport shifts.

At far distances, all schemes improve playback continuity, but gaps per-
sist. Here, METAVV still reduces rebuffering by 40.00% relative to Sparidle,
45.83% relative to Rolling POT, 56.52% relative to FewVV, and 61.76% rela-
tive to ViVo. Even though playback tolerance is relaxed at distance, Sparkle
spikes rebuffering by up to 133.00% for some far content chunks, as pre-
diction noise grows when the FoV geometry becomes less visually salient,

confusing its spatial prioritizer. FewVV shows marginal improvement, only
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12.50% in Soldier+Basketball, but deteriorates 37.50% in its worst video
pair, as its policy is not explicitly conditioned on future buffered through-
put. Rolling POT and ViVo again show minimal far-range gains because
one lacks learning-based task conditioning, and the other has a static rate
policy.

Fig. 5.11 illustrates the normalized average QoE achieved by five adap-
tive VVS schemes: METAVV, Sparkle, FewVV, Rolling POT, and ViVo, eval-
uated over three VV sequences Longdress+Dancer, Soldier+Baslketball, and
Red&Black at two different viewing distances: (a) near and (b) far. At near
distances, where perceptual sensitivity is higher due to closer interaction
with detailed point-cloud geometry and foreground saliency, METAVV con-
sistently outperforms all baselines. On average, at near-distance viewing
conditions METAVV achieves QoE increases of 3.25%, 3.78%, 11.98%, and
18.91% over FewVV, Sparkle, Rolling POT, and ViVo, respectively. These
enhancements demonstrate the ability of its quick-adapting meta-policy,
which uses segmentation-aware spatial representations to generalize across
a variety of scenarios. FewVV marginally outperforms Sparkle on the Long-
dress + Dancer sequence, resulting from its efficiency in static, symmet-
ric situations with steady views. Conversely, Sparkle operates better on
motion-rich content like Soldier+Basketball and Red&.Black due to its saliency-
aware rate allocation. In contrast, Rolling POT and ViVo suffer under near-
view conditions due to their precarious support for region prioritisation
and reactivity to dynamic viewports and network fluctuations. At far view-
ing distances, QoE improves across all approaches owing to reduced vi-
sual sensitivity to fine detail and background distortions, permitting more
relaxed bitrate allocation. Nevertheless, under far distance viewing condi-
tions METAVV continuously leads, with average gains of 7.17% over Sparkle,
8.81% over FewVV, 16.94% over Rolling POT, and 24.93% over ViVo, respec-
tively. METAVV'’s belief-based policy conditioning, which permits forward-
looking bitrate decisions across changing network and viewport settings,

is the driving force behind this ongoing advantage. In dense scenes like
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Figure 5.12: (a) Average training reward (normalized QoE) achieved by
METAVV, Sparkle, FewVV, Rolling POT, and ViVo over approximately

100 epochs. (b) CDF distribution of the normalized QoE for all adaptive
streaming schemes.

Red&Black, Sparkle continues to perform well, but FewVV ’s generalisa-
tion deteriorates with increasing motion and distance. Rolling POT and
ViVo showed modest enhancements due to the absence of learning-based
adaptation or static strategies. Overall, these findings affirm METAVV ’s
robustness and perceptual consistency in diverse streaming scenarios, em-
phasizing the value of Meta-RL in adaptive VV delivery.

Fig. 5.12 illustrates a temporal and statistical QoE comparison of five
volumetric ABR policies, including METAVV and four baseline schemes.
Fig. 5.12 (a) presents Normalized QoE versus training epochs, capturing
learning stability and adaptation dynamics. Across 100 epochs, METAVV
exhibits the most stable and highest QoE, converging smoothly toward ~
0.86 with balanced variance. Sparkle initially tracks lower QoE (0.70-0.75
range) but shows upward oscillations due to its spatial saliency allocator
struggling to maintain consistency without latent task conditioning. FewVV
shows moderate improvement, but variance increases in mid-epochs (20-50)
as its policy overfits to symmetric geometry assumptions, recovering later
yet without sustained stability. Rolling POT demonstrates gradual learning,
but visible spikes persist since it optimizes bitrates reactively based on past
throughput rather than future embeddings. ViVo remains flat and noisy in
the low QoE range (0.65-0.70), confirming its inability to learn adaptation
across viewpoint-driven distortion, consistently underperforming through-

out training.
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Fig. 5.12 (b) depicts the CDF of Normalized QoE, summarizing the proba-
bility of network-viewpoint chunks achieving at least a given fidelity. METAVV
dominates the rightmost tail, with 90% of its chunks exceeding QoE 0.83,
validating that a majority of its segments achieve high perceptual quality.
Sparkle shifts right compared to near distances, but its curve rises more
slowly because its saliency detector is misled in cluttered geometry when
regions lack contrast. FewVV curve grows steep between QoE 0.73-0.80 but
saturates later, indicating room for improvement but less reliability in very
high-QoE chunks due to the absence of future latent embeddings. Rolling
POT gives acceptable QoE 0.78 for only 40-50% of chunks, while its upper
tail is thin, meaning few segments exceed QoE 0.82 due to lack of predictive
conditioning. ViVo ’s worst cumulative distribution confirms that even 80%
of its chunks fail to exceed QoE 0.75, endorsing that its static bitrate policy
cannot exploit perceptual or temporal structure.

Overall, the figure validates that METAVV achieves both high learning
stability across epochs and superior perceptual reliability across geometry-
paired content by conditioning rate adaptation on latent task embeddings,
proactive throughput hints, and segmentation-aware spatial layouts, unlike
baselines that are either static, reactive, or saliency-only conditioned.

Fig. 5.13 statistically evaluates five ABR approaches for volumetric stream-
ing: METAVV, FewVV, Sparkle, Rolling POT, and ViVo across 4G/LTE, 5G,
and WiFi links. At 4G/LTE, QoE reward is most stable for METAVV, im-
proving the chunk reward by about 4-6% over Sparkle and 11-12% over
Rolling POT, while reducing the reward loss by 18-21% versus Vilo, as
its meta-policy adapts quickly to limited and fluctuating throughput with
dense viewport geometry. On 5G, the reward gap widens further, where
METAVV outperforms Sparkle by 7-9% and Rolling POT by 14-16%, while
achieving 23-26% higher playback continuity reward than ViVo. This is
due to increased 5G bandwidth and lower delay, which the critic exploits
with latent task embeddings to allocate bitrate proactively across predicted

future states. In WiFi, reward drops slightly for all methods due to con-
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Figure 5.13: Comparison of normalized average QoE for METAVV, Sparkle,
FewVV, Rolling POT, and ViVo across different network types: 4G/LTE,
5G, and WiFi.

tention uncertainty, but METAVV retains its advantage, exceeding FewVV
by 2-4% and Rolling POT by 10-12%, because its central critic effectively
reuses generalized latent embeddings across similar distance-blurred ge-
ometry regions, unlike FewVV, whose adaptation confidence reduces as re-
gion contrast weakens. ViVo performs the worst across all networks due to
its static policy’s and absence of latent task conditioning and region-aware
modification, which results in continuous reward loss. Rolling POT, on the
other hand, stays reactive and depends solely on prior throughput, result-
ing in modest instability. Overall, the results show that critic-conditioned
Meta-RL and geographical region awareness with optimal viewport adap-
tation are crucial aspects for steady and reliable volumetric QoE reward

delivery across diverse wireless networks.

5.3.5.4 Generalization Across Diverse Content and Viewing Scenarios

Fig. 5.14 evaluates METAVV against four ABR baselines on three critical
axes: scene transferability, quality stability over time, and response uni-
formity across semantic variations at near and far viewing distances. The
x-axis of each subplot shows the average reward strength, while the y-axis
shows the distribution of instability (e.g., cross-scene variation, temporal

reward deviation, and semantic uncertainty). The elliptical regions show
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Figure 5.14: Evaluation of five adaptive volumetric streaming schemes
across (a, d) Scene Generalization, (b, e) Temporal Consistency, and (c, f)
Semantic Diversity, plotted against average QoE for Near and Far viewing
distances. Elliptical patches indicate performance dispersion per scheme.

the reliability constraints for video pairings following decision-level aggre-
gation.

Across all Fig. 5.14 (a-f), METAVV continuously falls in the most favourable
region, showing the most flexibility with the lowest instability footprint. In
the near-view regime, METAVV demonstrates the highest scene-level trans-
fer behavior, minimising cross-scene variance by more than 35% compared
to the nearest opponent. Compared to the second-best strategy, this method
reduces temporal reward oscillation by 40% and semantic belief uncer-
tainty by more than 42%. These improvements are technically driven by
latent-conditioned policy reuse and progressive distance-aware LoD-tiling,
which matches bitrate allocation with spatial importance estimated from
the 6-DoF pose history.

Sparkle and FewVV show competitive adaptation among baselines, but
their instability ranges are wider. When major trends are stable, Sparkle
s spatial saliency bias works well. However, when geometry and atten-
tion change quickly, Sparkle ’s reward smoothness deteriorates, resulting in
roughly 90% more temporal inconsistency than METAVV. FewVV sustains
smoother chunk transitions, yet demonstrates greater entropy in latent be-
lief spread when scene symmetry decreases as viewer distance and motion

complexity increase.
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Figure 5.15: Ablation study demonstrating the impact of disabling each
METAVV component individually on normalized QoE, and rebuffering
time.

All approaches have minimised variable margins at greater viewing dis-
tances, as geometric abnormalities project into a visually compressed re-
gion. METAVV maintains its dominant behaviour, lowering scene variance
by over 40% compared to FewVV and reducing semantic entropy spread
by over 50% compared to ViVo. This persistent ordering illustrates that
METAVYV retains both spatial adaptation reliability and semantic belief com-
pactness even when fine-grained features become difficult to differentiate.
Rolling POT and ViVo have the lowest adaptation benefit, resulting in the
highest instability range due to a lack of learned latent-task conditioning

and poor support for distance-driven rendering modifications.

5.3.56.5 Ablation Study and Computational Overhead of METAVV Scheme

Fig. 5.15 provides an ablation study of METAVV, showing the impact of im-
portant components on normalised QoE (left y-axis) and average rebuffer-
ing time per chunk (right y-axis). Each bar pair compares the whole system

against a version that has one module removed.
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Figure 5.16: METAVV architecture efficiency analysis, (a) Breakdown of
module-wise optimized run-time per decision, and (b) resource overhead
of METAVYV, including GPU utilization and memory usage during inference
execution

Eliminating the PEARL-based latent inference decreases QoE by 11.8%
and increases rebuffering roughly 1.8x (from 0.05 to 0.09 s), highlight-
ing the importance of task embeddings in policy generalization. Remov-
ing distance-aware LoD tiling reduces QoE by 7% and raises rebuffering to
0.11 s, demonstrating its effectiveness in bitrate allocation across spatial
regions.

Without viewport prediction, QoE decreases by 16.5%, and rebuffering
increases to 0.13 s, more than 2.5 times the entire model due to inadequate
saliency targeting. The PEARL+LoD form, which retains task inference and
spatial adaptation, maintains high QoE within 5.9% of the whole system
and limits rebuffering to 0.08 s. This suggests that latent conditioning
with tiling provides a substantial fallback even without explicit viewport
forecasting.

These findings collectively validate that all these components: latent
meta-policy inference, distance-aware segmentation, and viewport predic-
tion are essential for ensuring perceptual stability, playback continuity, and
quality fairness in dynamic volumetric streaming environments.

Fig. 5.16 quantifies the computational performance of METAVV in terms
of Fig. 5.16 (a) per-decision runtime and Fig. 5.16 (b) overall system over-

head. The decomposition reveals that the total end-to-end latency per de-
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cision across all major modules is approximately 6.5 milliseconds. The
LSTM+Transformer-based viewport prediction module is the primary con-
tributor to this cost, incurring a latency of 2.1 ms and accounting for roughly
32% of the overall decision time. Replacing this module with an LSTM-only
configuration reduces the prediction latency to 1.4 ms, representing a 33%
improvement in computational efficiency; however, this reduction is accom-
panied by a potential decrease in prediction accuracy, as corroborated by
the ablation study results.

The distance-aware LoD tiling module, which adapts segmentation gran-
ularity as a function of field-of-view and scene geometric complexity, con-
tributes 1.6 ms, reflecting its dual role in semantic segmentation and adap-
tive bitrate regulation. The actor inference and QoE evaluation modules are
comparatively lightweight, incurring only 0.5 ms and 0.6 ms, respectively,
thereby demonstrating the computational efficiency of the policy evaluation
pipeline. The PEARL-based latent context module is the most efficient, re-
quiring just 0.3 ms, highlighting the low overhead of integrating latent task
inference into the policy workflow.

System-level resource usage remains practical: GPU maximum utiliza-
tion stays below 13%, representing only one-eighth of full device load, and
memory consumption is approximately 980 MB, including models for actor-
critic networks, viewport prediction, and segmentation inference. These
results confirm that METAVV is not only highly efficient in terms of QoE
and rebuffering, but it is also computationally optimized for deployment in

real-time client-based environments and in constrained VV platforms.

5.3.6 Variance and Statistical Significance Analysis

To address the reliability of the METAVV evaluation, additional variance
and statistical significance reporting was included for the principal metrics:
normalized QoE, CQV, and average rebuffering time per chunk. These met-
rics were selected because they directly reflect the main goals of METAVV:

improving perceptual quality, maintaining stable volumetric quality across
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chunks, and reducing playback stalls under dynamic viewport and network
conditions.

Since METAVV and the baseline methods are evaluated under the same
volumetric video sequences, viewport traces, network traces, viewing-distance
settings, bitrate/LoD configuration, and QoE formulation, a repeated-measures
statistical design is appropriate. Each method is therefore compared under
matched experimental conditions. The null hypothesis assumes that there
is no statistically significant difference among METAVV, Sparkle, FewVV,
Rolling POT, and ViVo for each metric. Repeated-measures ANOVA is used
to test for a significant method effect. When ANOVA indicates statistical
significance, Holm-corrected post-hoc paired comparisons are performed
between METAVV and each baseline to control the family-wise error rate
caused by multiple comparisons.

Table 5.2: Seed-level variance summary for METAVV and baseline meth-

ods under near- and far-distance viewing. Values are reported as mean +
standard deviation across five seed-level evaluations.

Distance Method Normalized QoE cgv Rebuffering (s/chunk)
METAVV 0.860 £ 0.006 0.056 £ 0.004 0.050 £ 0.004
FewVV 0.833 £ 0.010 0.064 £ 0.005 0.080 + 0.006

Near Sparkle 0.829 + 0.011 0.070 £ 0.006 0.100 £ 0.007
Rolling POT 0.768 £+ 0.013 0.068 £ 0.006 0.093 £ 0.007
ViVo 0.723 £ 0.015 0.065 £ 0.006 0.160 £ 0.010
METAVV 0.890 + 0.005 0.045 £ 0.003 0.040 £ 0.003
FewVV 0.818 +0.011 0.050 £ 0.004 0.092 +£ 0.006

Far Sparkle 0.830 £ 0.010 0.051 £ 0.004 0.067 £ 0.005
Rolling POT 0.761 £+ 0.013 0.049 + 0.004 0.074 £ 0.005
ViVo 0.712 +0.016 0.049 £ 0.004 0.105 £ 0.008

Table 5.2 reports the mean and standard deviation values for METAVV
and the four baseline methods under near- and far-distance viewing. The
results show that METAVV achieves the highest normalized QoE under both
viewing conditions. Under near-distance viewing, METAVV reaches an aver-
age QoE of 0.860, compared with 0.833 for FewVV, 0.829 for Sparkle, 0.768
for Rolling POT, and 0.723 for ViVo. Under far-distance viewing, METAVV
further improves to 0.890, while Sparkle, FewVV, Rolling POT, and ViVo re-

main lower. These values are consistent with the reported near-distance
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QoE gains of 3.25%, 3.78%, 11.98%, and 18.91% over FewVV, Sparkle,
Rolling POT, and ViVo, respectively, and the far-distance gains of 8.81%,
7.17%, 16.94%, and 24.93% over FewVV, Sparkle, Rolling POT, and ViVo,
respectively.

The CQV results also show that METAVV provides the most stable per-
ceptual delivery. Lower CQV indicates smoother quality variation across
chunks. Under near-distance viewing, METAVV records the lowest CQV
value of 0.056, while Sparkle, Rolling POT, and ViVo show higher quality
variation. Under far-distance viewing, all methods exhibit lower CQV be-
cause visual sensitivity to fine details decreases with distance; however,
METAVV still maintains the lowest variation. This confirms that latent-
context Meta-RL and distance-aware LoD control help METAVV maintain
smoother perceptual quality across volumetric chunks.

The rebuffering results further demonstrate the playback-continuity ad-
vantage of METAVV. Under near-distance viewing, METAVV achieves the
lowest rebuffering time of 0.050 s/chunk, while Sparkle, FewVV, Rolling
POT, and ViVo show higher stall durations. Under far-distance viewing, re-
buffering decreases for all methods, but METAVV remains the most efficient
with 0.040 s/chunk. This indicates that METAVV is able to jointly account
for viewport uncertainty, throughput variation, buffer state, and distance-

aware LoD selection when making bitrate decisions.

Table 5.3: Repeated-measures ANOVA results for METAVV and baseline
methods.

Distance Metric df F-statistic p-value Effect Size (771%)
Near Normalized QoE 4, 56 871.42 3.10 x 1048 0.984
Near cQVv 4, 56 42.76 1.84 x 1015 0.753
Near Rebuffering 4, 56 612.35 7.22 x 10743 0.978
Far Normalized QoE 4, 56 1146.89 5.67 x 10752 0.988
Far cQVv 4, 56 21.93 6.41 x 10~ 11 0.610
Far Rebuffering 4, 56 529.18 2.93 x 104 0.974

Table 5.3 presents the repeated-measures ANOVA results for normal-
ized QoE, CQV, and rebuffering under near- and far-distance viewing. The

ANOVA results show statistically significant method effects for all three met-
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rics under both viewing conditions, with all p-values below the conventional
significance threshold of p < 0.05. This confirms that the choice of adapta-
tion method has a statistically significant effect on perceptual quality, tem-
poral quality stability, and playback continuity. The partial eta-squared (775)
values indicate the proportion of variance in each metric explained by the
adaptation method after accounting for repeated experimental conditions.
The effect sizes are very large for normalized QoE and rebuffering under
both near- and far-distance viewing, showing that the choice of adaptation
method has a strong impact on perceptual quality and playback continuity.
The CQV effect sizes are also large, indicating that method selection mean-
ingfully affects temporal quality stability, although the effect is relatively
smaller than for QoE and rebuffering.

For normalized QoE, the significant ANOVA result indicates that the QoE
differences among METAVV, Sparkle, FewVV, Rolling POT, and ViVo are not
due to random variation. The same conclusion applies to CQV, where the
significant result confirms that the methods differ in their ability to main-
tain smooth quality transitions across chunks. For rebuffering, the sig-
nificant ANOVA result confirms that the lower stall duration achieved by
METAVYV is statistically meaningful under both near- and far-distance view-
ing conditions.

Since the repeated-measures ANOVA results show significant method
effects, Holm-corrected post-hoc paired comparisons were conducted be-
tween METAVV and each baseline. Table 5.4 reports the corrected p-values
for QoE, CQV, and rebuffering under near- and far-distance viewing. Holm
correction is applied because multiple pairwise comparisons are performed,
and it reduces the risk of false-positive significance results.

The post-hoc results show that METAVV significantly outperforms FewVV,
Sparkle, Rolling POT, and ViVo for normalized QoE under both viewing dis-
tances. This confirms that the reported QoE gains are statistically sup-
ported and not only visible in average values. For CQV, METAVV also shows

statistically significant improvements over all baselines, confirming that its
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Table 5.4: Holm-corrected post-hoc paired comparisons between METAVV
and baseline methods.

Distance Metric Comparison Corrected p-value Result

Near QoOE METAVV vs FewVV 2.80 x 1078 Significant
Near QoE METAVV vs Sparkle 1.34 x 1078 Significant
Near QoE METAVYV vs Rolling POT  5.42 x 1012 Significant
Near QoE METAVV vs ViVo 2.18 x 10~18 Significant
Near cQVv METAVV vs FewVV 4.36 x 1075 Significant
Near cQv METAVV vs Sparkle 2.79 x 1077 Significant
Near cQv METAVV vs Rolling POT  8.21 x 107 Significant
Near cQv METAVV vs ViVo 1.65 x 1072 Significant
Near Rebuffering METAVV vs FewVV 1.19 x 1079 Significant
Near Rebuffering METAVV vs Sparkle 3.84 x 10712 Significant
Near Rebuffering METAVV vs Rolling POT  9.46 x 10712 Significant
Near Rebuffering METAVV vs ViVo 4.17 x 10717 Significant
Far QoE METAVV vs FewVV 6.71 x 10~ 14 Significant
Far QoE METAVYV vs Sparkle 2.33 x 10~12 Significant
Far QoE METAVV vs Rolling POT  1.89 x 10~17 Significant
Far QoOE METAVV vs ViVo 5.62 x 10720 Significant
Far cQv METAVV vs FewVV 7.44 x 1075 Significant
Far cQVv METAVV vs Sparkle 3.15 x 1075 Significant
Far cQv METAVV vs Rolling POT  2.21 x 1074 Significant
Far CcQVv METAVV vs ViVo 3.68 x 10~4 Significant
Far Rebuffering METAVV vs FewVV 2.93 x 10714 Significant
Far Rebuffering METAVV vs Sparkle 5.18 x 1079 Significant
Far Rebuffering METAVV vs Rolling POT  7.62 x 1011 Significant
Far Rebuffering METAVV vs ViVo 4.40 x 10715 Significant
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latent-context adaptation and distance-aware tiling reduce temporal quality
instability. For rebuffering, all comparisons are significant, indicating that
METAVV’s lower stall duration is consistent across repeated evaluations and
matched test conditions.

Overall, the variance and statistical significance analysis strengthens
the reliability of the METAVV evaluation. The results show that METAVV
consistently achieves higher QoE, lower chunk quality variation, and lower
rebuffering than the baseline methods under both near- and far-distance
viewing conditions. The combination of mean values, standard deviations,
repeated-measures ANOVA, and Holm-corrected post-hoc testing confirms
that the observed improvements are statistically meaningful and not caused
by random seed-level variation. These findings complement the main QoE,
stability, and runtime results and provide stronger evidence for the robust-

ness and reproducibility of METAVV.

5.4 Limitations of the METAVV Evaluation

Although the experimental results demonstrate the effectiveness of METAVV
under diverse network, content, and viewing conditions, several limitations
have been addressed here. First, the evaluation is simulation-based and
trace-driven. Public volumetric video datasets, recorded viewport traces,
and real network traces were used to emulate practical streaming condi-
tions; however, the framework was not deployed in a live end-to-end vol-
umetric streaming testbed with real users, head-mounted displays, and
production network infrastructure. Therefore, the results should be in-
terpreted as evidence of performance under realistic simulated conditions
rather than as proof of full real-world deployment readiness.

Second, the perceptual quality evaluation relies on objective metrics,
particularly PCQM for volumetric point-cloud quality. PCQM is appropriate
for repeatable evaluation because it captures geometry and colour distor-

tions between reference and reconstructed point clouds. However, it may
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not fully represent all aspects of human perception in immersive 6-DoF en-
vironments, such as user attention, visual discomfort, interaction delay,
semantic importance of objects, and subjective tolerance to quality vari-
ation. Similarly, the QoE model combines PCQM-based viewport quality
with penalties for quality variation, rebuffering, and latency, but it remains
a metric-based approximation of user experience.

Third, no formal subjective user study was conducted as part of this
thesis. As aresult, the reported QoE gains represent objective, model-based
improvements rather than subjective MOS-validated gains. A controlled
subjective study with VR users would be required to further validate how
closely the PCQM-based and QoE-based conclusions align with perceived
user experience.

These limitations do not invalidate the comparative trends reported in
this chapter, because all methods were evaluated under the same datasets,
traces, network conditions, and QoE formulation. However, METAVV should
be understood as a low-latency-oriented and perceptual-aware framework
validated through realistic simulation. Future work would extend this eval-
uation through real-world deployment, subjective user trials, and cross-
device testing using different head-mounted displays and volumetric ren-

dering pipelines.

5.5 Conclusions

This chapter introduced METAVV, a perceptually adaptive volumetric stream-
ing based on Meta-RL. Leveraging PEARL-style latent context inference,
METAVV encodes user-specific scene and network dynamics into task em-
beddings to guide a rapidly adaptable ABR policy. Unlike fixed-policy, few-
shot fixed training policies, and extensive deep learning baselines such
as Sparkle, FewVV, Rolling POT, and ViVo, the proposed method dynam-
ically tunes bitrate assignments with few adaptation steps, enabling per-

sonalized 6-DoF playback. Experiments show that METAVV consistently
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outperforms FewVV, Sparkle, Rolling POT, and ViVo across both near- and
far-distance viewing conditions. Under near-distance viewing, METAVV im-
proves average QoE by 3.25%, 3.78%, 11.98%, and 18.91% over FewVV,
Sparkle, Rolling POT, and ViVo, respectively. Under far-distance viewing,
the corresponding gains increase to 8.81%, 7.17%, 16.94%, and 24.93%,
respectively. These results highlight the effectiveness of perceptual-aware
meta-policy learning, providing stable bitrate adaptation, robust perceptual
quality, and improved generalization across different viewing distances and
bandwidth profiles in real-world simulated volumetric video delivery sce-

narios.
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Chapter 6

Conclusions and Future Works

6.1 Conclusions

The proliferation of immersive media content such as 360° VR, AR, XR,
and volumetric video demands streaming architectures that can adapt to
dynamic network conditions while delivering consistent and perceptually
optimized QoE. The emergence of 5G and 6G network infrastructures, un-
derpinned by SDN, NFV, MEC, and network slicing, introduces new pos-
sibilities for personalized and intelligent media delivery. However, these
capabilities must be matched with adaptive, learning-driven algorithms ca-
pable of coping with the heterogeneous demands and resource constraints
of next-generation rich media.

In this context, this thesis proposes two significant and complementary
novel contributions, EDGE360 and METAVV, that push the frontier of Al-

enabled adaptive streaming in immersive environments:

* EDGE360, introduces a COMA-based MADRL solution for region-aware
360° video streaming. By leveraging viewport prediction, tile-level VMAF
scoring, and multi-agent adaptation, EDGE360 dynamically adjusts
bitrate allocations to maintain QoE fairness and minimize quality degra-
dation across clients. This solution is particularly suited to constrained

edge-network deployments where latency sensitivity and bandwidth
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variability are critical. Extensive evaluations on real-world 5G traces
show that EDGE360 outperforms existing state-of-the-art approaches,
including BOLA360, 360SRL, and RAPT360 in terms of average QoE
by 18.00%, 11.86%, and 8.12%, respectively. EDGE360 also performs
better in terms of rebuffering time, quality switching, and bandwidth

efficiency.

* METAVV, the second major novel contribution, addresses the more
complex problem of adaptive streaming for volumetric video content.
METAVV leverages a Meta-RL-based policy learning framework capa-
ble of generalizing across diverse viewing scenarios, network condi-
tions, and volumetric datasets. Through region-aware segmentation
and PCQM-based perceptual quality modeling, the architecture pri-
oritizes bitrate decisions for viewport, marginal, and background re-
gions under 6DoF viewing. The encoder-inference network and meta-
policy components enable METAVV to rapidly adapt to unseen user
trajectories and LoD requirements, ensuring optimal perceptual qual-
ity with minimal adaptation delay. The results show that METAVV
improves average QoE by 3.25%, 3.78%, 11.98%, and 18.91% over
FewVV, Sparkle, Rolling POT, and ViVo, respectively, under near-distance
viewing. Under far-distance viewing, it improves QoE by 8.81%, 7.17%,
16.94%, and 24.93% over the same baselines, respectively. Notably,
in comparison METAVV improves user QoE, enabling robust, person-
alized, and perceptually stable volumetric video streaming under dy-

namic and out-of-distribution conditions.

In a nutshell, EDGE360 and METAVV offer a unified architectural vision
for immersive content streaming, combining predictive intelligence, percep-
tual fidelity, reinforcement, and meta-learning in both tile-based and point
cloud-based representations. These frameworks pave the way for deploy-
ing scalable, QoE-driven AR/VR/XR/volumetric applications over future

5G and 6G infrastructures. They also contribute novel formulations for
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viewport-aware reward modeling, region-prioritized adaptation, and network-
informed streaming that can serve as the basis for further research in Al-
enabled adaptive immersive media streaming frameworks.

Furthermore, the sensitivity analyses in Chapters 4 and 5 show that
viewport prediction accuracy influences the effectiveness of viewport-adaptive
streaming. In EDGE360, larger viewport prediction errors reduce QoE and
fairness and increase rebuffering because bitrate may be assigned to non-
visible tiles. In METAVV, 6-DoF prediction errors affect both angular view-
port relevance and distance-aware LoD decisions, with near-distance view-
ing being more sensitive than far-distance viewing. These results indicate
that the proposed frameworks remain robust under moderate prediction
uncertainty, but their gains depend on sufficiently accurate low-latency
viewport prediction.

The conclusions of this thesis should also be interpreted in light of
the evaluation limitations presented in chapters 4 and 5. The proposed
EDGE360 and METAVV frameworks were validated using simulation-based,
trace-driven experiments with public datasets and network traces, rather
than through live deployment in a production 5G/edge streaming testbed.
In addition, the QoE models rely on objective perceptual metrics, namely
VMAF for 360° video and PCQM for volumetric video. These metrics en-
able scalable, repeatable, and fair comparison across baselines, but they
cannot fully capture all subjective aspects of immersive user perception.
Moreover, no formal subjective user study was conducted. Therefore, the re-
ported improvements should be understood as objective metric-based QoE
gains under realistic simulated conditions. Future work would complement
these results with subjective user trials, real-world edge/VR deployment,
and evaluation across different devices, user groups, and real network en-

vironments.
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6.2 Future Works

While this thesis presented two novel solutions EDGE360 and METAVV for
immersive media delivery, several new promising research directions can

further enrich QoE-aware adaptive streaming.

1. Energy, Carbon, and Cost-Aware Streaming: A critical future di-
mension involves optimizing energy consumption and cost overheads
in immersive streaming pipelines. This includes energy-aware tile pri-
oritization, offloading strategies for edge/cloud components, and car-
bon footprint estimation tools for sustainable AR/VR/XR/volumetric

video streaming services.

2. METAVV Enhancement for 6-DoF Immersion at the Edge: Extend-
ing METAVV to multi-agent meta-learning could facilitate per-region
agents that adapt jointly to spatial depth, motion saliency, and net-

work variations at the edge under multi-users scenario.

3. Cross-Layer Network Slicing-Aware Integration: Both EDGE360 and
METAVV can be extended to operate under end-to-end network slicing
conditions, where media delivery is tightly coupled with SDN/NFV re-
source orchestration. Reinforcement learning agents can be trained
for slice-aware decision-making across transport, MEC, and core do-

mains.

4. Explainable Streaming Intelligence: With increasing adoption of Al-
driven media pipelines, future directions should explore explainability
of adaptation decisions. Visualization of tile prioritization, policy shifts
across tasks, and the impact of perceptual weights could increase user

and operator trust in Al-assisted delivery systems.

In summary, future research will extend EDGE360 and METAVV toward
sustainable, explainable, multi-agent, and cross-layer intelligent immersive

media services, in realistic edge and beyond-5G/6G environments.
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