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Abstract

The metaverse, envisioned as a paradigm for next-generation digital environments,
remains fundamentally constrained by isolated, pre-defined, and reactive virtual sys-
tems. Artificial intelligence (AI) provides a conceptual and technical foundation for
overcoming these limitations by enabling persistent perception, autonomous decision-
making, and adaptive coordination. This thesis investigates how Al can be system-
atically embedded into metaverse systems from a system-level perspective. It begins
with a comprehensive analysis of metaverse network traffic characteristics, examin-
ing the necessity, performance implications, and trade-offs between remote rendering
and local rendering. Building on these empirical insights, the thesis proposes a uni-
fied thing—edge—cloud architecture that coordinates heterogeneous intelligent agents

operating across network layers.

Within this architecture, the thesis addresses two core challenges in Al-enabled
metaverse systems: adaptive resource allocation and cognitive scene understanding.
At the edge layer, adaptive bandwidth allocation for immersive streaming is formu-
lated as a cooperative multi-agent decision-making problem under dynamic network
conditions. A Multi-Agent Soft Actor Critic (MASAC)-based strategy is developed
and yields consistent improvements in user Quality of Experience (QoE) of at least
14% compared with representative streaming baselines. At the cloud layer, the thesis
introduces a metaverse-oriented benchmarking framework for evaluating the scene un-
derstanding capabilities of Multimodal Large Language Models (MLLMs). Thirteen
representative MLLMs are assessed through a pairwise comparison protocol under an
MLLM-as-a-judge paradigm guided by metaverse-specific semantic criteria. Human
expert validation confirms the robustness of the proposed benchmark, achieving an
agreement rate of 87.6% with human consensus. Overall, this thesis establishes an
integrated methodological and architectural foundation for the design, optimization,

and evaluation of Al-enabled metaverse systems.
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Chapter 1

Introduction

1.1 Introduction

The concept of the metaverse first entered public consciousness through speculative
fiction, most notably in Neal Stephenson’s 1992 novel Snow Crash, which depicted a
virtual environment coexisting alongside the physical world [1]. Although originally a
fictional construct, this vision captured widespread imagination and gradually tran-
sitioned into an object of academic inquiry and public discourse. Early experiments
with online virtual environments, such as Second Life, represented initial attempts to
materialize elements of this imagined world and provided early insights into digital
embodiment and social interaction in virtual spaces [2]. Over time, the metaverse
has evolved from a narrative metaphor into a conceptual framework for understand-
ing how human presence, identity, and interaction are reconfigured in increasingly

digitized environments.

Today, the metaverse is commonly understood as a multidimensional socio-digital
construct encompassing immersive, persistent, and interconnected virtual environ-
ments. Rather than referring to a single platform or proprietary technology, it denotes
a broader digital ecosystem that spans multiple domains, including entertainment, ed-
ucation, commerce, work, and social life [3]. Often regarded as a potential next stage
in the evolution of the internet, the metaverse signifies a shift in user engagement

from passive information consumption toward active participation in shared virtual



worlds [1]. This transformation reflects deeper changes in how individuals inhabit
digital spaces, enabling new forms of social interaction, collective creation, and com-

munity formation that blur the boundaries between the virtual and the physical.

As the metaverse gains cultural and economic prominence, it has attracted in-
creasing attention from both public institutions and private enterprises. Governments
have begun to examine its policy implications, while technology firms and platform
providers are investing heavily in infrastructure, content, and services that support
immersive digital experiences. Industry forecasts indicate that by 2026, a substantial
proportion of the global population may regularly participate in metaverse-related ac-
tivities, ranging from work and education to entertainment and social interaction [5].
At the same time, the growing integration of the metaverse into everyday life raises
critical challenges related to ethics, governance, privacy, and digital inclusion [0, 7].
Addressing these issues is essential to ensure that the development of the metaverse

remains socially responsible and aligned with broader public values.

The rapid evolution of the metaverse cannot be attributed to a single techno-
logical breakthrough. Instead, it emerges from the dynamic convergence of multiple
advanced digital technologies, each contributing distinct capabilities to the construc-
tion of immersive and interactive virtual environments. Their coordinated integration
provides the technical foundation for real-time presence, large-scale multi-user inter-
action, and the seamless coupling of virtual and physical experiences. Rather than
functioning independently, these technologies operate as an interconnected system
that continuously expands the scope and complexity of digital environments. To-
gether, they are reshaping how individuals communicate, collaborate, and participate
in social and economic activities, thereby accelerating the transition toward hybrid

forms of digital life.

A critical enabler of the metaverse ecosystem is the concept of digital twins, de-
fined as real-time, data-driven virtual representations of physical entities, processes,
or systems []. Continuously updated through sensor networks, telemetry, and ma-

chine learning algorithms, digital twins support high-fidelity simulation, real-time



monitoring, and predictive optimization across domains such as smart manufacturing,
healthcare, urban planning, and environmental management [9]. Within the meta-
verse, their role extends beyond static mirroring of reality. Digital twins function as
interactive and adaptive components that tightly couple physical infrastructure with
virtual environments. They enable responsive avatars, simulate dynamic physical
processes, and support immersive experiences that evolve in parallel with real-world
changes. This bidirectional integration strengthens the linkage between virtual and
physical realms, allowing the metaverse to operate not only as an interaction space but
also as a decision-support layer embedded within real-world systems and governance

processes.

To satisfy the stringent latency and responsiveness requirements of immersive ap-
plications, edge computing shifts computational and storage resources from central-
ized cloud infrastructures to geographically distributed servers located closer to end
users [10, 11]. By shortening data transmission paths, edge computing substantially
reduces end-to-end latency, which is essential for metaverse functionalities such as
real-time gesture recognition, synchronized multi-user interaction, and adaptive con-
tent generation [12]. Beyond improving responsiveness, this architectural paradigm
enhances system reliability in scenarios where continuous low-latency interaction is
critical. Moreover, edge computing contributes to the scalability and accessibility of
metaverse services by offloading computationally intensive tasks from user devices
to edge nodes. This capability lowers hardware requirements at the client side and
enables a wider range of users to access high-quality immersive environments without
reliance on expensive local computing resources. As a result, edge computing plays
a central role in expanding the reach of the metaverse across heterogeneous devices

and network conditions.

At the network layer, the emergence of sixth-generation (6G) wireless communi-
cation represents a major step toward meeting the performance demands of large-
scale immersive virtual worlds. With the goal of achieving sub-millisecond latency

and terabit-per-second data rates, 6G is expected to support the transmission of



high-bandwidth, multimodal sensory data and enable seamless real-time interaction
among distributed users [13]. Such capabilities are critical for advanced metaverse
applications involving spatial computing, haptic feedback, and tightly synchronized
collaboration. In addition to improvements in speed and latency, 6G is anticipated
to integrate network intelligence, enabling dynamic allocation of bandwidth, com-
puting resources, and connectivity based on real-time application requirements. This
adaptive behavior is essential for maintaining service quality across metaverse applica-
tions with diverse and competing performance demands. Furthermore, the promise of
ubiquitous coverage and seamless mobility will allow users to access immersive virtual
environments continuously across locations, supporting persistent and context-aware

metaverse experiences [11].

Artificial Intelligence (AI) constitutes a foundational pillar of the metaverse by
providing the core capabilities for perception, decision-making, and adaptation. Al
technologies are embedded across multiple layers of the metaverse architecture, rang-
ing from user-facing interaction mechanisms to backend system management [l5].
Capabilities such as behavior prediction, natural language processing, semantic un-
derstanding, and real-time content generation enable personalized and context-aware
experiences that evolve dynamically with user interaction. At the system level, Al
supports real-time resource orchestration by adjusting allocations of computing, stor-
age, and bandwidth in response to changing user behavior and network conditions [10].
This adaptive optimization enhances scalability and ensures consistent Quality of Ex-
perience (QoE) across heterogeneous devices and access environments. Beyond infras-
tructure management, Al also underpins intelligent content creation and interaction,
including autonomous non-player characters, procedural environment generation, and
automated moderation mechanisms that address ethical and behavioral challenges in

virtual spaces.

In parallel, blockchain technology provides essential mechanisms for establish-
ing trust, transparency, and secure value exchange within the metaverse [17, 18].

Through decentralized verification and tamper-resistant record keeping, blockchain



reduces reliance on centralized intermediaries and enhances the credibility of digi-
tal transactions. This functionality is particularly important in environments where
users generate, own, and trade digital assets such as virtual real estate, digital col-
lectibles, and intellectual property. By ensuring ownership traceability and prove-
nance, blockchain enables interoperable and secure asset management across plat-
forms. In addition, blockchain supports decentralized governance models through
smart contracts and Decentralized Autonomous Organizations (DAOs), allowing users
to participate directly in rule formation and enforcement [19]. These mechanisms pro-
mote programmable trust and collective decision-making, reinforcing the role of users

as active stakeholders rather than passive participants in metaverse ecosystems.

Complementing these technologies, 3D reconstruction techniques enable the cre-
ation of high-fidelity digital representations of physical environments and objects [20].
Leveraging methods such as LiDAR scanning, photogrammetry, and neural render-
ing, these techniques generate virtual scenes with high geometric accuracy and visual
realism. Such fidelity enhances immersion by preserving spatial coherence and en-
vironmental detail. Applications span architectural visualization, cultural heritage
preservation, and virtual tourism, where authenticity and spatial continuity are par-
ticularly important. More broadly, 3D reconstruction supports the development of
hybrid environments in which physical and digital spaces are seamlessly integrated,

providing a realistic and navigable foundation for immersive metaverse experiences.

Positioned at the center of user interaction with the metaverse is eXtended Reality
(XR), a collective term describing environments and interfaces that integrate real and
virtual elements [21]. XR encompasses a spectrum of immersive technologies, includ-
ing Virtual Reality (VR), Augmented Reality (AR), and Mixed Reality (MR) [22].
VR systems fully immerse users in computer-generated environments, isolating them
from the physical world and enabling navigation, object manipulation, and social
interaction through avatars and virtual spaces [23]. By contrast, AR enhances the
physical environment by superimposing digital content onto the real world, allowing

users to perceive contextual information while remaining grounded in their surround-



ings [24]. MR further extends this paradigm by enabling digital and physical objects
to coexist and interact in real time, supporting more natural and responsive forms
of human-machine interaction [25]. Collectively, these XR technologies redefine how
individuals perceive, interpret, and engage with their environments by enabling fluid
transitions between physical reality and virtual simulation. As a result, mobile XR
devices such as head-mounted displays and AR glasses have emerged as the primary
access points to the social metaverse, underscoring their growing role in everyday

digital experiences [20].

The rapid advancement of XR is reflected not only in conceptual frameworks and
software capabilities but also in the accelerated evolution of hardware devices that
mediate user interaction with virtual environments. In recent years, a wide range
of commercial XR headsets has entered the market, offering varying levels of im-
mersion, interactivity, and ergonomic comfort. These devices play a critical role in
shaping user experience, as hardware characteristics such as display resolution, Field
of View (FOV), and refresh rate directly influence visual fidelity, motion smooth-
ness, and system responsiveness. As user expectations for realism and immersion
continue to rise, the performance demands placed on XR hardware have increased
correspondingly, exposing limitations in local computing, rendering capacity, and en-
ergy efficiency. These constraints highlight the growing importance of system-level
solutions that can sustain high-quality immersive experiences without overburdening

end-user devices.

Table 1.1 summarizes representative XR devices developed by major industry
actors, including Meta, Apple, Microsoft, and HTC. It compares key technical char-
acteristics such as display resolution, field of view, tracking capabilities, and input
modalities, providing a concise overview of the technological diversity across con-
temporary XR platforms [27]. This diversity reflects differing design objectives and
target usage scenarios, spanning immersive entertainment, professional productivity,

collaborative work, and mixed-reality interaction.

Recent devices such as the Meta Quest 3 and Apple Vision Pro illustrate a grow-



Table 1.1: Representative XR Devices and Their Specifications

Device Name Type | Year | Resolution | FOV | Refresh Rate
Meta Quest 2 VR | 2020 | 1832x1920 90° 90Hz
Meta Quest 3 MR | 2023 | 2064x2208 | 110° 120Hz
Apple Vision Pro MR | 2024 | 3660x3200 | 100° 100Hz
Microsoft HoloLens 2 | AR | 2019 | 1440x936 43° 60Hz
HTC Vive Pro 2 VR | 2021 | 2448x2448 | 120° 120Hz
PlayStation VR2 VR | 2023 | 2000x2040 | 110° 120Hz
Pico 4 VR | 2022 | 2160x2160 | 105° 90Hz
Magic Leap 2 AR | 2022 | 1440x1760 45° 120Hz
Varjo XR-4 MR | 2023 | 1920x1920 | 115° 90Hz

ing industry emphasis on MR-oriented platforms that seek to tightly integrate dig-
ital content with the physical environment. These systems are designed to support
context-aware interaction, real-world spatial anchoring, and smooth transitions be-
tween immersive and augmented experiences, thereby enabling more natural and
continuous forms of user engagement. In contrast, XR devices such as the HTC Vive
Pro 2 and PlayStation VR2 focus on high-fidelity VR, prioritizing visual realism,
wide field of view, and precise motion tracking to support demanding applications

including gaming, training simulations, and 3D visualization.

These contrasting design trajectories highlight the absence of a one-size-fits-all
XR solution and underscore the increasing heterogeneity of user requirements, de-
vice capabilities, and application contexts. This heterogeneity poses fundamental
challenges for metaverse systems that must deliver consistent QoE across diverse
hardware platforms, motivating the need for adaptive, system-level approaches to

rendering, networking, and resource management.



1.2 Motivation

Despite notable progress in immersive rendering, interaction design, and network
infrastructure, the majority of current metaverse platforms remain constrained by
limited system autonomy and rigid operational logic. Interactive objects and virtual
entities are commonly driven by predefined scripts or narrowly scoped behavioral
rules, which restrict their ability to interpret contextual information, reason about
evolving situations, and respond adaptively to complex user interactions. As a re-
sult, most content creation and environmental updates depend heavily on manual
configuration or template-based pipelines, offering little support for continuous and

autonomous evolution of virtual worlds.

In parallel, existing metaverse infrastructures face persistent challenges in effi-
ciently coordinating computational, rendering, and communication resources under
heterogeneous and rapidly changing workloads. User interaction patterns, scene com-
plexity, and network conditions often fluctuate unpredictably, yet resource manage-
ment mechanisms typically lack the flexibility to respond in real time. Consequently,
although many platforms can deliver impressive visual realism under controlled con-
ditions, they struggle to sustain long-term responsiveness, scalability, and intelligent
adaptation. This gap highlights a fundamental limitation of current metaverse sys-
tems, which prioritize visual fidelity while offering limited support for persistent in-

telligence and autonomous system behavior.

Overcoming these constraints requires a conceptual shift toward intelligent sys-
tems capable of autonomous perception, reasoning, and action. Within this context,
an Al agent is generally understood as a goal-oriented computational entity that can
perceive its environment, maintain internal state, utilize external tools, and adjust
its actions based on feedback over time [28]. This definition reflects a departure from
isolated, prompt-driven models toward interactive systems that exhibit continuity,
adaptability, and situational awareness. Recent advances in Multimodal Large Lan-

guage Models (MLLMSs) have significantly strengthened the capabilities of such agents

8



by enabling integrated reasoning across textual, visual, and other sensory modalities.
These developments have enhanced performance in tasks such as visual-language
grounding, multimodal inference, and tool-assisted decision-making, all of which are

essential for complex virtual environments.

However, as the scope of agent responsibilities expands toward open-ended ob-
jectives and long-horizon tasks, the limitations of single-agent architectures become
increasingly evident. Individual agents often struggle to maintain coherent reasoning
over extended interactions, scale effectively across concurrent users, or remain robust
under dynamic and uncertain conditions. In response to these challenges, the concept
of agentic Al has gained prominence. Rather than emphasizing isolated intelligence,
agentic Al focuses on structured reasoning, task decomposition, long-term planning,
and sequential execution with minimal human supervision [29,30]. Central to this
paradigm is the adoption of coordinated multi-agent systems, in which specialized
agents share contextual information, collaborate in decision-making, and execute in-
terdependent actions. Through such coordination, agentic Al systems can address
complex and evolving problems that exceed the cognitive, temporal, and operational

limits of individual agents.

Embedding agentic Al into metaverse systems therefore represents a promising
direction for addressing the structural limitations of existing platforms. By enabling
autonomous, goal-directed behavior through coordinated multi-agent collaboration,
agentic metaverse systems have the potential to improve adaptiveness, scalability,
and sustained user QoE in highly interactive and dynamic environments. Neverthe-
less, translating this vision into practical and deployable systems introduces several

fundamental challenges that remain insufficiently explored:

e Constructing a unified system architecture for agentic metaverse environments
is intrinsically complex due to the heterogeneity of agent functionalities and
performance requirements. Agents responsible for global reasoning, percep-

tion, control, and real-time interaction differ substantially in terms of latency



tolerance, computational intensity, and preferred execution environments. De-
termining how these agents should be distributed across thing, edge, and cloud
layers, while maintaining efficient coordination, consistency of shared context,
and timely information exchange under dynamic conditions, constitutes a core
systems-level challenge. Existing designs are often narrowly tailored to specific
tasks, which limits generality, cross-agent collaboration, and holistic system

optimization.

e Supporting agentic behavior also places stringent demands on real-time resource
management. While edge computing reduces communication latency, many
current allocation strategies rely on static heuristics or predefined policies that
cannot adapt effectively to variations in user behavior, network dynamics, or
scene complexity. This lack of adaptability leads to inefficient bandwidth uti-
lization and unstable performance, making it difficult to maintain consistently

high QoE as workloads and interaction patterns evolve over time.

e In addition, systematic evaluation methodologies for assessing the cognitive
capabilities of MLLMs within metaverse contexts remain underdeveloped. Most
existing benchmarks emphasize closed-form tasks or static answer accuracy,
which fail to capture the open-ended, context-sensitive reasoning required for
agentic decision-making in immersive environments. As a result, the extent to
which current MLLMs can provide reliable global cognition and coordination
support for agentic metaverse systems remains unclear, underscoring the need
for dedicated evaluation frameworks aligned with metaverse-specific perceptual

and semantic demands.

1.3 Thesis Contributions

This thesis aims to address several fundamental challenges in the realization of agentic

metaverse systems, spanning system architecture, resource management, and cogni-

10



tive evaluation. The main contributions of this thesis are summarized as follows:

e We design and implement a metaverse testing platform that supports real-time
and interactive exploration of a high-fidelity three-dimensional model of New
York City. This platform serves as a realistic experimental environment for in-
vestigating user interaction behavior, system workload characteristics, and net-
work performance under immersive conditions. Through comprehensive mea-
surements, we conduct a systematic comparison between local rendering and
remote rendering strategies. Experimental results show that remote rendering
delivers substantial improvements in end-to-end latency and rendering frame
rate, especially in large-scale and computation-intensive scenes. These findings
provide empirical evidence for the necessity and effectiveness of remote-rendered

architectures in supporting scalable metaverse systems.

e We propose a unified thing—edge—cloud architecture that systematically orga-
nizes heterogeneous agents across network layers to enable coherent perception,
reasoning, and action in immersive virtual environments. The proposed archi-
tecture explicitly differentiates agent roles according to their functional objec-
tives and performance constraints, allowing latency-sensitive agents to operate
at the edge while computation-intensive cognitive agents are deployed in the
cloud. Through structured coordination and information exchange across layers,
the architecture supports closed-loop interaction between high-level reasoning
and real-time execution. This design establishes a general and extensible sys-
tem foundation for agentic metaverse deployments, addressing the limitations

of fragmented and task-specific architectures in existing metaverse systems.

e We propose a time-step-based QoE model tailored to metaverse environments.
The model integrates key network performance indicators with user-centric ex-
perience factors, including perceived scene quality, frame choppiness, interaction
latency, and metaverse frame instability. These factors have been identified in

prior user studies as critical determinants of immersive experience quality. To
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validate the proposed model, we conduct extensive subjective evaluations using
the Mean Opinion Score (MOS) methodology. The results demonstrate that
the model reliably captures user-perceived quality variations in dynamic XR
scenarios and provides an effective quantitative foundation for adaptive system

optimization.

We introduce a novel resource allocation framework based on multi-agent soft
actor-critic (MASAC) reinforcement learning enhanced with graph convolu-
tional networks (GCNs). In this framework, each agent is responsible for dy-
namically allocating communication and computation resources for an individ-
ual metaverse user. Communication demand is represented by the bitrate of
rendered scene streams, while computational demand is quantified by CPU uti-
lization. To capture the spatially distributed and highly dynamic nature of
metaverse environments, we model the system as a time-varying graph in which
nodes correspond to agents and edges encode interaction influence among users.
By integrating GCNs with a self-attention mechanism, the proposed framework
enables agents to learn cooperative policies under non-stationary conditions,
effectively adapting to user mobility and changing interaction patterns. To the
best of our knowledge, this work represents the first attempt to combine SAC
and GCN-based relational modeling for resource allocation in agentic metaverse

systems.

We propose a dedicated evaluation paradigm for assessing the cognitive capa-
bilities of MLLMs in metaverse environments. Instead of relying on closed-form
accuracy metrics, the proposed approach adopts an MLLM-as-a-judge frame-
work equipped with metaverse-specific semantic criteria, enabling rubric-based
and open-ended evaluation of perceptual understanding, contextual reasoning,
and interpretive consistency. This paradigm is specifically designed to reflect
the cognitive demands faced by agentic metaverse systems, where agents must
reason about complex scenes, user intent, and evolving contexts. The proposed

evaluation framework provides a principled and scalable methodology for bench-
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marking MLLMs as cognitive components in agentic metaverse architectures.
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The publications based on the research conducted in this thesis are listed below.
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1.5 Thesis Outline

The remainder of this thesis is organized as follows:

e Chapter 2 provides background and a comprehensive review of related work.
It surveys the evolution of the metaverse and its enabling technologies, with
particular attention to adaptive bitrate control and resource allocation strategies
in edge computing environments. The chapter further reviews the theoretical
foundations and recent advances in multi-agent deep reinforcement learning

(MADRL) and visual scene understanding.

e Chapter 3 investigates network characteristics and user interaction patterns in
metaverse scenarios through a practical case study based on a high-fidelity three-
dimensional model of New York City. Using immersive XR devices, the chapter
conducts a systematic comparison between remote rendering and local render-
ing approaches. Performance differences are analyzed across key experience-
related metrics, including end-to-end latency, rendering frame rate, and system
stability, providing empirical motivation for remote-rendered and edge-assisted

metaverse architectures.

e Chapter 4 presents a unified thing-edge—cloud architecture for agentic meta-
verse systems. The chapter details the roles and interactions of heterogeneous
agents deployed across different layers, and explains how perception, reason-
ing, and action are coordinated within the proposed framework. Core system
components, communication mechanisms, and key performance metrics are in-
troduced to illustrate how the architecture supports scalable, adaptive, and

coherent agentic behavior.

e Chapter 5 introduces the proposed edge resource allocation framework based
on MASAC reinforcement learning. The chapter formulates the resource alloca-

tion problem under dynamic metaverse workloads and describes the integration
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of graph convolutional networks and self-attention mechanisms. Extensive ex-
periments are conducted under diverse network conditions and user interaction
scenarios to evaluate the effectiveness of the proposed method in improving

resource efficiency and user QoE.

Chapter 6 presents a dedicated benchmarking framework for evaluating the
cognitive capabilities of multiple representative MLLMs in metaverse environ-
ments. The chapter introduces metaverse-specific evaluation criteria and an
MLLM-as-a-judge paradigm for rubric-based, open-ended assessment. Experi-
mental results and human validation are reported to analyze the strengths and
limitations of current MLLMs as cognitive components in agentic metaverse

systems.

Chapter 7 concludes the thesis by summarizing the main findings and contri-
butions. It discusses the limitations of the current work and outlines promising
directions for future research on agentic metaverse systems, including architec-

tural extensions, learning algorithms, and cognitive evaluation methodologies.
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Chapter 2

Literature Review

This chapter presents a comprehensive and structured review of five closely related re-
search domains that collectively underpin the development of adaptive and intelligent
streaming systems for the metaverse. These domains span both foundational theories
and recent state-of-the-art advances at the intersection of immersive media systems,
intelligent network control, and distributed ML. Rather than treating these strands in
isolation, this review emphasizes their complementary roles in addressing the unique
challenges of metaverse environments, including ultra-high-quality immersive render-
ing, stringent latency constraints, dynamic network conditions, and heterogeneous

computing resources.

Specifically, the chapter examines: (1) the evolution of the metaverse and its
enabling technologies, which establish the system-level requirements and architectural
context; (2) learning-based ABR control strategies, which form the core of client-side
streaming intelligence; (3) resource allocation mechanisms in edge computing, which
provide low-latency computational and networking support; (4) MADRL approaches
for decentralized optimization under multi-user and multi-resource settings; and (5)
visual scene understanding techniques, which enable semantic-aware perception and
decision-making in immersive virtual environments. Together, these research streams
form an integrated conceptual and technical foundation for the agentic and adaptive

metaverse systems investigated in this thesis.

16



2.1 Development of the Metaverse

The development of the metaverse can be conceptualized as a multi-stage evolution-
ary process characterized by progressive changes in technological capabilities, modes
of user interaction, and socio-economic functions. Rather than emerging as a discrete
technological breakthrough, the metaverse has evolved through the gradual conver-
gence of immersive media technologies, network infrastructures, and participatory
digital cultures [31,32]. This section reviews the historical trajectory of the meta-
verse across four major stages, highlighting how it has transformed from speculative
imagination into a complex sociotechnical system embedded in contemporary digital

life.

e Conceptual Origins and Early Prototypes (1960s—2000s):

The earliest conceptual foundations of the metaverse can be traced to specu-
lative fiction and pioneering research on digital communication. Long before
the term itself was formalized, visions of shared virtual spaces in which users
could inhabit persistent digital identities appeared in influential literary works.
Neal Stephenson’s novel Snow Crash articulated an early conceptualization of
a persistent, avatar-based virtual world structured around social interaction
and digital economies. Alongside these fictional narratives, early virtual plat-
forms such as Second Life [33] and The Sims Online [31] emerged during the
late 1990s and early 2000s as practical experiments in large-scale online so-
cial environments. Although constrained by limited bandwidth, rudimentary
graphics, and modest computational resources, these systems introduced sev-
eral defining characteristics of the metaverse, including user-generated content,
persistent virtual spaces, and digitally mediated social interaction. Advances
during this period in Internet connectivity, graphical user interfaces, and early
virtual reality technologies established the technical and conceptual foundations

for subsequent developments.
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e Infrastructure Expansion and Immersive Technology Growth (2000s-2015):

The second stage was marked by significant expansion of the technological in-
frastructure required to support immersive and interactive virtual environments.
The widespread adoption of broadband Internet and mobile networking enabled
real-time communication and high-bandwidth content delivery across geograph-
ically distributed users. In parallel, cloud computing emerged as a critical en-
abling technology by providing scalable and elastic computational resources
for large virtual platforms. At the device level, consumer-oriented immersive
hardware such as Oculus Rift, HTC Vive, and Microsoft HoloLens substan-
tially improved display resolution, motion tracking accuracy, and interaction
fidelity, leading to deeper user immersion. Massively multiplayer online games,
exemplified by World of Warcraft [35], demonstrated the feasibility of main-
taining persistent virtual worlds with complex social structures and in-game
economies. Beyond entertainment, this period also saw early applications of
immersive technologies in domains such as medical training, architectural visu-
alization, and distance education, signaling the expanding functional scope of

metaverse-related systems.

e Platform Convergence and the Rise of Virtual Economies (2015-2020):

The third phase was characterized by increasing platform convergence, enhanced
interoperability, and the formation of structured virtual economies. Improve-
ments in software frameworks and cross-platform development tools enabled
users to access immersive experiences through heterogeneous devices, including
personal computers, mobile terminals, and XR headsets. During this period,
blockchain technologies began to play a prominent role in virtual environments
by supporting decentralized ownership and secure digital transactions. The
emergence of non-fungible tokens, as reviewed in [36], enabled the authentica-
tion, exchange, and monetization of unique virtual assets. Platforms such as
Fortnite [37], Minecraft VR, and Roblox VR facilitated ecosystems in which

users could simultaneously act as consumers, creators, and economic partici-
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pants. As a result, the metaverse increasingly functioned as a socio-economic
space that supported digital labor, virtual commerce, and cultural production

alongside entertainment and social interaction.

e Toward an Integrated and Persistent Metaverse (2020s—present):

In its most recent stage, the metaverse has evolved toward a more integrated
and persistent digital infrastructure that increasingly overlaps with everyday
human activities. Its application domains now extend across entertainment,
education, healthcare, collaborative work, and social communication. Advances
in artificial intelligence, low-latency 5G and emerging 6G networks, decentral-
ized application frameworks, and increasingly sophisticated XR interfaces have
jointly enhanced immersion, personalization, and system scalability. Contempo-
rary platforms such as Meta Horizon Worlds, Microsoft Mesh, and decentralized
virtual worlds including Decentraland [38] exemplify this stage of development.
These systems support persistent digital identities, cross-platform continuity,
and hybrid physical-digital interaction, thereby reducing the separation between
virtual and physical environments. At this stage, the metaverse is best under-
stood not as a single platform but as a distributed and evolving infrastructure
that enables large-scale social interaction, collaborative productivity, and eco-

nomic exchange in immersive digital spaces.

Across these successive stages, the metaverse has progressed from abstract con-
ceptualization to an operational yet continuously evolving sociotechnical system. Its
development reflects not only advances in immersive and networked technologies but
also broader transformations in how individuals interact with information, environ-

ments, and one another within digital contexts.
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2.2 Learning-Based Adaptive Bit Rate Control

Adaptive Bit Rate (ABR) control constitutes a fundamental component of modern
video streaming systems, enabling dynamic adjustment of encoding bitrate in response
to time-varying network conditions. Its primary objective is to balance uninterrupted
playback and visual quality so as to maximize end-user QoE [39]. Conventional ABR
schemes typically rely on handcrafted heuristics based on buffer occupancy, through-
put estimation, or predefined adaptation rules, and have been widely adopted in
streaming standards such as MPEG-DASH and HTTP Live Streaming (HLS). While
effective in relatively stable environments, these reactive strategies often exhibit sub-
optimal performance under highly dynamic or latency-sensitive scenarios, including
cloud gaming and immersive virtual environments. These limitations have motivated
a transition toward learning-based ABR control, in which Deep Reinforcement Learn-
ing (DRL) is employed to autonomously derive bitrate adaptation policies through se-
quential interaction with the network environment. By formulating ABR as a Markov
Decision Process (MDP), DRL-based methods enable adaptive and forward-looking

decision-making under uncertain and non-stationary conditions.

A representative milestone in this research direction is Pensieve, proposed by Mao
et al. [10], which applies an actor—critic DRL framework to learn ABR policies directly
from real-world network traces. Pensieve demonstrated consistent improvements over
rule-based baselines across both simulated environments and practical deployments,
establishing DRL as a viable alternative to heuristic-driven ABR, control. Building
on this foundation, subsequent studies have focused on improving robustness and
generalization. For instance, Huang et al. proposed Tiyuntsong, which integrates ad-
versarial training into the learning process to expose the ABR agent to a wider range
of network dynamics, thereby enhancing policy resilience under severe bandwidth

fluctuations and delay variations [11].

The emergence of real-time interactive services has further intensified research

interest in DRL-based ABR control. In applications such as cloud gaming and XR
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streaming, stringent latency constraints and rapid viewpoint changes impose addi-
tional challenges beyond conventional video-on-demand scenarios. Chen et al. intro-
duced a DRL-driven congestion control mechanism within the WebRTC framework,
replacing the traditional Google Congestion Control (GCC) algorithm with an Asyn-
chronous Advantage Actor—Critic (A3C) model to jointly adapt bitrate and frame
rate under fluctuating bandwidth and delay conditions [12]. More recently, Wei et
al. developed a transformer-based DRL architecture for cloud XR streaming, leverag-
ing temporal attention mechanisms and multi-agent coordination to improve bitrate

adaptation across heterogeneous content streams and user demands [43].

As immersive applications evolve toward multi-user and shared virtual environ-
ments, such as the metaverse, ABR control increasingly operates in settings character-
ized by resource contention, user interaction, and coupled decision processes. Single-
agent learning paradigms are therefore insufficient to capture the interdependencies
among concurrent users and shared network or rendering resources. To address this
challenge, Wang et al. proposed an immersive streaming control framework that com-
bines multi-agent DRL with edge intelligence to jointly schedule bitrate selection and
processing resources across distributed rendering nodes [11]. Complementing these
system-level contributions, Subhan et al. provided a comprehensive survey demon-
strating the growing importance of DRL and multi-agent DRL techniques for media
delivery in 5G and emerging 6G networks, particularly in scenarios requiring simul-

taneous support for low latency and ultra-high bandwidth [15].

Collectively, these studies illustrate a clear evolution from heuristic-driven ABR
mechanisms toward intelligent, data-driven control systems capable of both local
adaptation and coordinated optimization in dynamic and distributed media networks.
As immersive and user-driven services continue to proliferate, future ABR solutions
are expected to further incorporate cooperative learning, context awareness, and dis-
tributed intelligence. These trends motivate the integration of ABR control with
edge computing and multi-agent optimization frameworks, which are examined in

the following sections.
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2.3 Resource Allocation for Edge Computing

Edge computing has emerged as a foundational architectural paradigm for supporting
ultra-reliable, low-latency, and bandwidth-intensive services in next-generation digi-
tal environments. By deploying computational, storage, and networking resources in
close proximity to end users, typically at the edge of radio access networks, edge com-
puting significantly reduces backhaul dependency and service latency while improving
real-time responsiveness [16,17]. These characteristics make edge computing particu-
larly well suited for metaverse systems, which demand high concurrency, low-latency
interaction, and continuous synchronization across distributed users. Representative
workloads in this context include real-time XR streaming, avatar interaction, col-
laborative scene construction, and volumetric media processing. Effective support
for such services requires intelligent resource orchestration mechanisms capable of
dynamically allocating heterogeneous resources, including CPU cores, GPU acceler-
ators, memory, storage, and wireless spectrum, in response to rapidly varying service
demands [18,19]. Unlike traditional mobile applications with relatively stable traffic
patterns, metaverse platforms exhibit temporally bursty and spatially heterogeneous
workloads, motivating the adoption of adaptive and learning-driven resource manage-

ment strategies.

Among existing approaches, DRL has attracted significant attention due to its
ability to learn control policies in dynamic, high-dimensional environments. In DRL-
based edge computing resource allocation, the system is typically modeled as a se-
quential decision-making process in which an agent, often implemented at the edge
computing controller or orchestrator, observes the system state and selects resource
allocation actions to optimize long-term performance objectives such as latency re-
duction, throughput maximization, or balanced resource utilization. A representative
example is the DRLRA framework proposed by Wang et al. [50], which employs a
Deep Q-Network (DQN) to manage computation offloading and resource schedul-
ing in a Software-Defined Networking (SDN)-enabled edge computing architecture.
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By continuously monitoring traffic demands and server workloads, the agent learns
adaptive policies that minimize service delay and balance computational load across
distributed edge nodes. The integration of SDN provides a global network view,

enhancing situational awareness and facilitating informed decision-making.

Building on centralized learning paradigms, subsequent research has explored de-
centralized and distributed DRL approaches to improve scalability and responsive-
ness. Liu et al. proposed a multi-agent DQN-based framework for decentralized task
offloading and joint resource allocation [51]. In this model, individual user devices act
as autonomous agents that independently learn offloading strategies based on local
observations, energy constraints, and perceived competition for shared edge resources.
Through decentralized learning and limited coordination, the system achieves reduced
task latency and energy consumption without relying on a centralized controller, mak-

ing it suitable for highly dynamic and large-scale deployments.

More recent studies have extended these ideas to metaverse-oriented networks
characterized by multi-layered infrastructure and complex service interactions. Hevesli
et al. introduced a multi-agent DRL framework for queue-aware task offloading in hi-
erarchical edge computing-enabled air-ground networks [52]. Their architecture com-
prises three types of agents, corresponding to ground-based edge computing servers,
unmanned aerial vehicle edge nodes, and user terminals, each learning coordinated
policies tailored to their functional roles. This hierarchical design enables dynamic
workload migration across infrastructure layers based on real-time queue states and
user mobility, thereby maintaining ultra-low-latency service continuity for immersive

metaverse applications.

In a complementary direction, Chu et al. proposed a DRL-based multi-tier re-
source allocation framework that supports hierarchical decision-making across multi-
ple edge layers in metaverse environments [53]. Their approach integrates spectrum
allocation, GPU scheduling, and memory management into a unified control loop
driven by actor—critic reinforcement learning. Such joint optimization enables ef-

ficient support for compute-intensive and bandwidth-demanding services, including
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multi-user XR collaboration and digital twin rendering. Beyond traditional DQN and
A3C-based methods, emerging research also explores context-aware DRL strategies in
which resource allocation policies adapt based on inferred user intent, content char-
acteristics, or service-level requirements. For instance, Yu et al. developed a DRL-
enhanced edge computing scheduler that prioritizes tasks according to virtual user
behavior patterns extracted using knowledge graphs and temporal embeddings [5].
By incorporating semantic and behavioral context, these approaches enable proac-
tive scheduling and more precise alignment between edge resource provisioning and

immersive service demands.

Overall, learning-based edge computing resource allocation has evolved from cen-
tralized control toward distributed, hierarchical, and context-aware frameworks. This
evolution reflects the growing complexity of metaverse workloads and the need for scal-
able orchestration mechanisms that can sustain interactive, high-performance services
under dynamic conditions. These developments naturally motivate the adoption of
multi-agent reinforcement learning paradigms, which are discussed in the following

section.

2.4 Multi-Agent Deep Reinforcement Learning

MADRL extends classical reinforcement learning to environments in which multiple
autonomous agents interact concurrently with both the environment and one another.
In contrast to single-agent settings, where the environment is typically assumed to
be stationary and independent of the agent’s actions, multi-agent environments are
inherently dynamic and non-stationary. The learning policy of each agent continu-
ously influences the state transitions and reward structures experienced by others,
significantly increasing the complexity of policy optimization. These challenges are
further amplified in decentralized scenarios characterized by partial observability, lim-
ited communication, and distributed control, all of which are common in large-scale

cyber-physical systems.
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Owing to its flexibility and scalability, MADRL has emerged as a powerful frame-
work for addressing high-dimensional decision-making problems that are difficult to
solve using conventional optimization methods. By allowing agents to learn adaptive,
cooperative, or competitive behaviors through interaction, MADRL has been suc-
cessfully applied to domains such as traffic signal control, cooperative robotics, smart
grid operation, and wireless resource management. These application domains share
fundamental structural characteristics with metaverse systems, including distributed
decision-making, shared resource constraints, and stringent real-time requirements.
As a result, MADRL is particularly well suited for coordinating heterogeneous agents
in metaverse environments, where users, edge servers, and network components must

operate collaboratively under dynamic and uncertain conditions.

A central methodological challenge in MADRL lies in mitigating the non-stationarity
induced by simultaneous policy updates across agents. Without appropriate mech-
anisms, this non-stationarity can lead to unstable training dynamics and poor con-
vergence. To address this issue, Lowe et al. introduced the Multi-Agent Deep De-
terministic Policy Gradient (MADDPG) algorithm [55], which adopts a centralized
training and decentralized execution (CTDE) paradigm. During training, each agent
is equipped with a centralized critic that has access to the joint state and action
information of all agents, enabling more stable policy learning. During execution,
however, agents rely solely on local observations and decentralized policies, ensur-
ing scalability and feasibility in distributed environments. This separation between
training and execution is particularly advantageous for edge-enabled metaverse sys-
tems, where global information may be available offline or during training but not at

runtime.

Building upon the CTDE framework, subsequent research has explored structured
information sharing and relational reasoning among agents. Jiang et al. proposed a
graph-based MADRL approach that integrates GCNs into the learning process [50].
In this framework, agents are represented as nodes in a graph, while edges encode

spatial, logical, or functional relationships. GCNs enable each agent to aggregate
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information from neighboring agents, facilitating localized coordination without re-
quiring full global observability. Such graph-based representations are well aligned
with metaverse scenarios, where agents are distributed across physical and virtual

spaces but remain interconnected through network and interaction graphs.

Scalability remains a critical concern in MADRL, particularly in environments
involving a large number of interacting agents. To address the combinatorial explosion
of agent interactions, Yang et al. introduced the Mean Field Reinforcement Learning
(MFRL) framework [57]. Instead of explicitly modeling pairwise interactions among
agents, MFRL approximates the collective influence of other agents using a mean field
representation. This approximation significantly reduces the dimensionality of the
learning problem while preserving essential interaction dynamics, making it suitable
for large-scale systems in which hundreds or thousands of agents operate concurrently.
In metaverse environments, such agents may include user avatars, edge computing
nodes, and intelligent network elements, all of which require coordinated yet scalable

control.

Despite these advances, several challenges remain in deploying MADRL within
real-world, edge-based metaverse systems. Communication overhead among dis-
tributed agents can become prohibitive under bandwidth-constrained or unreliable
wireless conditions. Ensuring stable convergence in non-stationary environments
with delayed or incomplete feedback remains an open research problem. In addition,
agent heterogeneity, arising from differences in computational capability, network
connectivity, and sensing accuracy, complicates policy generalization and robustness.
Finally, the strict real-time requirements of immersive metaverse applications ne-
cessitate lightweight and computationally efficient learning algorithms that can be

deployed on resource-constrained hardware platforms.
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2.4.1 Visual Scene Understanding

Visual scene understanding concerns the capability of intelligent systems to trans-
form raw visual observations into structured semantic representations that capture
objects, spatial configurations, interactions, and overall contextual meaning. Unlike
low-level perception tasks that focus on pixel-level or object-level recognition, scene
understanding emphasizes holistic interpretation, requiring models to reason about
relationships, spatial layouts, and latent semantics embedded in visual data. Early
research in this area primarily relied on task-specific computer vision pipelines, where
convolutional neural networks were applied to problems such as image classification,
object detection, and semantic segmentation. Architectures including ResNet and
subsequent transformer-based vision models, such as Vision Transformer and DETR,
achieved substantial progress in static visual recognition by improving feature rep-
resentation and global context modeling [58,59]. However, these approaches largely
operated in isolation from language and reasoning capabilities, limiting their ability

to support higher-level semantic inference.

Recent advances in multimodal learning have fundamentally reshaped visual scene
understanding by tightly coupling visual encoders with large language models. This
integration enables systems to map visual observations into a shared vision—-language
representation space, supporting open-ended reasoning tasks such as image caption-
ing, visual question answering, and spatial or relational inference. By leveraging the
linguistic prior and reasoning capacity embedded in LLMs, multimodal large lan-
guage models are able to move beyond rigid label prediction toward flexible semantic
interpretation. As a result, scene understanding has evolved from static recognition
toward descriptive, explanatory, and context-aware perception that can generalize

across tasks and domains.

Beyond static imagery, emerging research increasingly focuses on dynamic and
embodied environments, where visual perception unfolds over time and across view-

points. In such settings, understanding requires reasoning over temporal sequences,
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motion patterns, and three-dimensional spatial structure. To address these challenges,
recent models incorporate video representations, temporal attention mechanisms, and
geometry-aware encodings. For example, Video-3D LLM introduces position-aware
video representations to enhance three-dimensional scene reasoning from dynamic
visual inputs, while MetaVQA proposes an embodied evaluation framework that em-
phasizes spatial relations, agent-centric perspectives, and multi-frame contextual con-
sistency [00,61]. These approaches reflect a broader shift toward perception systems
that are not only visually grounded but also temporally coherent and spatially aware,

aligning closely with the requirements of interactive and immersive environments.

In the context of the metaverse, visual scene understanding plays a particularly
critical role. Immersive virtual environments are characterized by continuous in-
teraction, multi-user dynamics, and rapid scene changes driven by user behavior.
Intelligent agents operating within such environments must not only perceive visual
content accurately but also interpret semantic cues to support downstream decision-
making, such as adaptive rendering, bandwidth allocation, and resource scheduling.
Consequently, scene understanding becomes a foundational component for enabling
semantic-aware control and agentic behavior in metaverse systems, bridging percep-

tion and action within a unified cognitive loop.

Evaluating the open-ended scene understanding capabilities of multimodal large
language models presents a significant methodological challenge. Conventional auto-
matic evaluation metrics, including n-gram overlap scores or fixed-answer accuracy,
are poorly suited to free-form vision-language outputs, as they fail to capture se-
mantic correctness, relational coherence, and contextual adequacy. These limitations
are particularly pronounced in complex scene description and reasoning tasks, where
multiple responses may be equally valid yet lexically diverse. To address this gap,
recent studies have proposed the MLLM-as-a-judge paradigm, in which multimodal
language models themselves are employed as evaluators of generated outputs [(2]. By
leveraging their advanced reasoning and semantic understanding capabilities, MLLM

judges can perform comparative or pairwise evaluations that emphasize holistic mean-
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ing rather than surface-level textual similarity. Empirical evidence suggests that this
paradigm yields more robust and interpretable assessments for multimodal reasoning
tasks, making it especially suitable for benchmarking scene understanding in dynamic

and interactive environments.
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Chapter 3

Comparative Analysis of Remote and

Local Rendering in the Metaverse:
A Case Study with HoloLens 2 and
New York City Data

3.1 A Brief Introduction to HoloLens 2

In recent years, extended reality technologies have undergone rapid development,
driven by advances in hardware capabilities and growing demand for immersive appli-
cations in domains such as healthcare, education, industrial training, and the meta-
verse. Within this evolving landscape, Microsoft’s HoloLens 2 has emerged as a
representative mixed reality headset, marking a substantial technological progression

compared with its predecessor, the HoloLens 1 [63].

Relative to earlier-generation mixed reality devices, HoloLens 2 provides a notice-
ably enhanced level of immersion. The device offers an expanded field of view of 52
degrees and supports a higher per-eye resolution of 2048 x 1080 pixels, which together
contribute to improved visual fidelity and spatial awareness. These enhancements
enable users to perceive virtual content with greater clarity and to interact with dig-

ital objects in a manner that is more consistent with natural human perception in
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physical environments.

2 IR cameras X

Figure 3.1: HoloLens 2 is equipped with multiple sensors to support hand tracking, eye
tracking, and voice commands for human interaction. It also enables environmental

understanding through six-degree-of-freedom tracking and spatial mapping.

As illustrated in Fig. 3.1, HoloLens 2 integrates a comprehensive sensor suite
designed to support rich human—environment interaction. The system incorporates
eight onboard cameras. Among them, four grayscale tracking cameras are dedicated
to real-time visual-inertial simultaneous localization and mapping, enabling accurate
and robust head pose estimation. A time-of-flight depth camera supports articu-
lated hand tracking and three-dimensional spatial reconstruction, facilitating intuitive
gesture-based interaction. In addition, two Infrared (IR) cameras are employed for
precise eye-tracking, while an RGB camera is used to capture mixed reality images

and video streams.

In addition to its camera system, HoloLens 2 is equipped with multiple inertial
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Table 3.1: Technical specifications of cameras that the Microsoft HoloLens 2 are
equipped with. These cameras introduce a large number of data for the HoloLens 2

to process to support these functions.

Cameras FPS | Resolution | Format Raw data
Head Tracking 4 Grayscale | 30 | 640 x 480 8-bit 294.9 Mbits
Hand Tracking 1 Depth 45 | 512 x 512 | 16-bit | 188.7 Mbits

Eye Tracking 2 Infrared - - - -
Spatial Awareness 1 Depth 1-5 | 320 x 288 | 16-bit | 1.5-7.3 Mbits

sensors to further enhance motion sensing and tracking accuracy. These include an
accelerometer for measuring linear acceleration along three orthogonal axes, a gyro-
scope for capturing rotational motion, and a magnetometer that provides an absolute
orientation reference relative to the Earth’s magnetic field. Through tightly cou-
pled sensor fusion, these components collectively enable stable tracking, low-latency

interaction, and consistent spatial alignment between virtual and physical content.

The integration of high-resolution and high-frequency sensors inevitably results in
substantial data generation. A representative example is the four grayscale cameras
used for head tracking, which together produce approximately 294.9 Mbits/s of raw
data at a frame rate of 30 frames per second, with each frame having a resolution of
640x480 pixels and 8-bit grayscale depth. As summarized in Table 3.1, the aggregate
data throughput introduces significant challenges for both real-time data transmission

and onboard computation.

To address these challenges, HoloLens 2 adopts a heterogeneous computing archi-
tecture that includes a custom-designed holographic processing unit alongside con-
ventional CPU and GPU components. The holographic processing unit is specifically
optimized for parallel sensor processing, spatial mapping, and environmental under-
standing tasks, thereby offloading computational burdens from the main processor.
This design enables efficient handling of high-bandwidth sensor data while maintain-

ing system responsiveness, exemplifying the close integration of sensing, perception,
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Figure 3.2: The architecture of our proposed system consists of a user with the
HoloLens 2, an network, and a rendering server. On the left, a user is wearing the

HoloLens 2 to interact with the New York City data.

and computation required by advanced mixed reality platforms.

Although HoloLens 2 integrates a dedicated holographic processing unit designed
to support real-time spatial mapping, hand tracking, and visual localization, its on-
board computational resources remain constrained when handling highly complex or
data-intensive scenes. In application scenarios that demand fine-grained graphical fi-
delity, such as detailed inspection of mechanical assemblies including truck engines or
interactive exploration of large-scale urban digital twins, local rendering on HoloLens

2 may lead to degraded performance, increased latency, or reduced visual quality.

To address these limitations, remote rendering, also referred to as cloud-based or
edge-based XR rendering, has become an increasingly adopted solution. Under this
paradigm, computationally intensive rendering tasks are offloaded from the HoloLens
2 to a remote server equipped with substantially more powerful hardware resources,
including high-performance GPUs and large memory capacities. By transferring the
rendering workload to external infrastructure, the headset can operate with a lighter
computational burden while still supporting high-resolution graphics and smooth in-

teractive experiences.

Existing empirical studies indicate that remote rendering configurations generally
provide superior user QoE compared with purely local rendering, particularly under

conditions involving high rendering complexity and stringent visual requirements [(].
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This improvement can be attributed to the server’s capability to generate high-fidelity

frames at stable frame rates and to deliver them efficiently to the user device.

Figure 3.2 presents the overall architecture of the XR system based on remote
rendering. In this framework, a user wearing the HoloLens 2 interacts with immersive
three-dimensional digital environments. User motion, head orientation, and gesture
information are captured by the headset’s onboard sensors and transmitted to the
remote rendering server through the network uplink. Upon receiving these inputs, the
server executes application logic and renders video frames corresponding to the user’s
current viewpoint and interaction context. The rendered frames are then encoded
and transmitted back to the HoloLens 2 via the network downlink, where they are

decoded and displayed in real time.

This collaborative rendering architecture enables resource-constrained wearable
devices to support visually complex XR scenes that would otherwise exceed their
local processing capabilities. At the same time, it introduces new challenges related
to network latency, bandwidth variability, and synchronization between user input
and visual feedback. In particular, minimizing end-to-end latency is essential for
preserving immersion and avoiding discomfort such as motion sickness in interactive

mixed reality applications.

3.2 System Setup and Data Acquisition

To evaluate the feasibility of remote rendering for immersive XR, applications, a pro-
totype system was constructed consisting of a high-performance rendering server and
a wearable client device. The rendering server operates on the Windows 10 operating
system and is equipped with an Intel Core i9-11900F processor, 64 GB of DDR4 mem-
ory, and an NVIDIA GeForce RTX 3090 graphics card. This configuration provides
ample computational capacity and memory bandwidth to support real-time rendering

of high-resolution and large-scale three-dimensional scenes.

On the client side, the Microsoft HoloLens 2 is employed as the wearable XR
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device. The headset is built on the Qualcomm Snapdragon 850 Compute Platform,
integrating a multi-core CPU and GPU with 4 GB of LPDDR4x system memory.
While this hardware configuration is sufficient for real-time tracking, spatial map-
ping, and natural interaction, the limited onboard computing resources make the
device less suitable for rendering scenes characterized by dense geometry and high-
resolution textures. As a result, within the proposed remote rendering architecture,
the HoloLens 2 primarily functions as an interaction and display terminal rather than

a full rendering platform.

System integration is realized through the Holographic Remoting Player, a soft-
ware utility provided by Microsoft that enables holographic content to be streamed
from a remote rendering server to the HoloLens 2. In the proof-of-concept imple-
mentation, the headset is connected to the rendering server via a USB-C cable. This
wired connection ensures low-latency and high-throughput data transmission, while
also reducing variability introduced by wireless communication during experimental
evaluation. Although the current setup adopts a wired link for stability and repeata-
bility, the architecture can be extended to wireless deployments using Wi-F'i or cellular

networks such as 5G.

The rendering application is developed using Unity, a widely used game engine
that provides comprehensive support for XR application development. To ensure
cross-platform compatibility and simplify interaction with XR hardware, the OpenXR
standard is adopted as the underlying application programming interface. OpenXR
is an open and royalty-free specification that unifies access to XR devices and run-
times, allowing applications to be deployed across heterogeneous hardware platforms
with minimal modification. Its widespread adoption by major industry stakeholders

facilitates interoperability and reduces development complexity.

As a representative case study, a large-scale three-dimensional urban dataset of
New York City is selected for system evaluation. The dataset is obtained from the
ArcGIS Living Atlas of the World [65], a well-established repository of authoritative

geospatial information. The platform provides rich urban data in the form of layered
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content, including building models, terrain information, and infrastructure layouts.
These information layers can be imported into Unity through compatible geographic
information system toolkits and are used in this work to reconstruct a detailed virtual
representation of the city, serving as a realistic and demanding test environment for

immersive XR interaction.

To improve usability and support natural interaction within large-scale virtual
environments, a multimodal interaction system is implemented. The system inte-
grates three complementary interaction modalities: hand tracking, eye tracking, and
voice commands, all of which are natively supported by the HoloLens 2 platform [66].
These modalities are designed to align with natural human behaviors, thereby reduc-
ing user cognitive load and eliminating reliance on handheld controllers or external
input devices. By leveraging the headset’s embedded sensors and real-time tracking
capabilities, the proposed interaction framework enables intuitive and context-aware
manipulation of holographic content within the spatial environment, allowing users
with varying levels of XR experience to engage efficiently with complex urban-scale

digital scenes.

3.3 Interaction Design

A key capability of the HoloLens 2 is its support for fully articulated hand tracking,
which allows the system to capture and interpret fine-grained movements of the user’s
hands and fingers in three-dimensional space. Building on this capability, our sys-
tem implements two complementary hand-based interaction techniques, namely near
interaction and far interaction, which are selected according to the spatial distance

between the user and the target holographic object.

For holograms located within arm’s reach, users interact through direct manip-
ulation using natural hand gestures. Operations such as pressing virtual buttons,
rotating models, or dragging components are performed through contact-based ges-

tures that closely resemble interactions with physical objects. This interaction mode

36



supports precise control of nearby virtual content and provides a strong sense of

realism by aligning with users’ everyday motor behaviors.

For holographic objects positioned beyond the user’s immediate reach, a ray-based
interaction technique known as point and commit is employed. This method is widely
adopted in XR systems to enable efficient manipulation of distant objects without re-
quiring physical movement. The interaction process consists of two sequential stages,

as illustrated in Fig. 3.3.

e In the pointing stage, the user extends their hand, and a dashed virtual ray is
projected from the palm into the scene, as shown in Fig. 3.3(a). The intersection
between the ray and a holographic object provides a visual indication of the

current target.

e In the committing stage, the user confirms the selection by performing a pinch
gesture with the thumb and index finger. Upon this action, the dashed ray
transitions into a solid line, as depicted in Fig. 3.3(b), signaling the system
to execute the intended operation, such as selecting, moving, or activating the

target object.

This raycasting-based interaction mechanism enables accurate manipulation of
remote objects while minimizing physical effort, thereby improving user comfort and

extending interaction range in large-scale XR environments.

In addition to hand-based interaction, the system exploits the eye-tracking capa-
bilities of the HoloLens 2 to support attention-driven and hands-free interaction. The
headset is equipped with inward-facing infrared cameras that continuously track eye
movements and estimate the user’s gaze direction, which serves as an effective proxy

for visual attention and user intent.

Gaze-based interaction is particularly valuable in situations where manual input is
inconvenient or when rapid, low-effort interaction is desired. In the proposed system,

gaze tracking is primarily used for implicit selection and context-aware information
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(a) Pointing stage (b) Committing stage

Figure 3.3: Far interaction based on hand tracking consists of two stages: a pointing
stage to indicate the target object and a committing stage to confirm and execute

the interaction.

presentation. For example, when a user looks at a prominent landmark in the virtual
reconstruction of New York City, such as the Empire State Building or the Statue of
Liberty, the system automatically displays a floating label indicating the name of the
building. This mechanism enhances spatial understanding while providing immediate

feedback that the system has correctly interpreted the user’s focus.

To further enrich hands-free interaction, voice command recognition is integrated
as a complementary modality. Voice input is captured through the built-in micro-
phone array of the HoloLens 2 and processed by its natural language processing en-
gine, enabling users to issue verbal commands to control system functions. In many
cases, gaze and voice are combined into a multimodal interaction pipeline in which
gaze specifies the target and voice determines the action. For instance, when a user
fixates on a holographic button and utters the command “Open,” the corresponding
operation is triggered. Upon successful recognition, the system renders the recognized
command text in the user’s field of view for a short duration to confirm execution

and reduce ambiguity.

Beyond discrete commands, voice interaction also supports navigation within the

virtual city environment. By speaking the name of a well-known location, such as
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“Times Square,” users can prompt the system to adjust the viewpoint and transition
directly to the specified area within the three-dimensional city model. This interaction
paradigm facilitates efficient exploration of large-scale environments without reliance

on physical controllers or complex menu structures.

Collectively, the integration of hand tracking, eye tracking, and voice commands
results in a multimodal interaction framework that enhances usability, accessibility,
and immersion. By leveraging natural human behaviors and minimizing the need
for external input devices, the proposed design enables intuitive and non-intrusive

interaction with complex XR content in large-scale virtual environments.

3.4 Visualization Results

To illustrate the effectiveness and interactivity of the proposed XR system, a compre-
hensive visualization interface is developed that integrates multiple information-rich
components. As shown in Fig. 3.4, the user interface is organized around a central
menu comprising three primary functional sections: “Base Maps”, “Info Layers”, and
“Sightseeing”. Together, these modules provide users with flexible and intuitive access

to diverse forms of spatial data and urban visualizations within the three-dimensional

model of New York City.

The “Base Maps” module establishes the fundamental geographic context on
which all other data layers are overlaid. Users can switch among three types of
base maps, each tailored to a specific visualization objective. The “Topographic
Base Map” in Fig. 3.4(a) presents a detailed representation of both natural and built
terrain features, including elevation variations, water bodies, vegetation, and major
infrastructure outlines, making it suitable for analyzing landscape structure and spa-
tial relationships. The “Imagery Base Map” in Fig. 3.4(b) consists of high-resolution
satellite and aerial imagery, allowing users to observe the city from a bird’s-eye per-
spective and enhancing visual realism through real-world textures. The “Streets Base

Map” in Fig. 3.4(c) emphasizes road networks, public transportation routes, and place
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names, providing a clear and schematic view of urban circulation that is particularly

useful for navigation and transportation-related analysis.

The “Info Layers” section superimposes thematic geographic data on the selected
base map, enabling multi-dimensional exploration of the urban environment. For
clarity and usability, all information layers are organized into three domains. The
Environment domain includes ecological and natural features, such as green spaces,
water coverage, and environmental indicators. The Infrastructure domain represents
urban systems including buildings, transportation networks, and public service facil-
ities, with examples such as subway lines shown in Fig. 3.4(f). The People domain
captures demographic and socioeconomic characteristics, incorporating layers such as
industrial areas in Fig. 3.4(d) and population density in Fig. 3.4(e), which provide
insight into human activity patterns and spatial disparities. These layers are pre-
sented as selectable tiles and can be interactively toggled or combined. Users may
activate multiple sub-layers simultaneously to conduct comparative analysis in real

time, supporting a deeper understanding of complex urban systems.

The “Sightseeing” section enables direct access to virtual tours of prominent land-
marks embedded within the city model. Users can select from a curated list of at-
tractions, each rendered with detailed three-dimensional geometry and associated
contextual information. In the current implementation, this section includes Times
Square in Fig. 3.4(g), the Statue of Liberty in Fig. 3.4(h), and the Brooklyn Bridge
in Fig. 3.4(i). Upon selection, the system smoothly transitions the user’s viewpoint
to the chosen location and presents labeled visual markers and dynamic overlays.
These features are designed to enhance user engagement, support educational use
cases, and showcase the applicability of XR technologies in virtual tourism and urban

digital twin scenarios.

By combining multiple base maps, layered thematic information, and landmark-
oriented exploration, the proposed visualization framework achieves a balance be-
tween flexibility, informational richness, and usability. Supported by remote rendering

and immersive XR interaction techniques, the system allows users to explore urban
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environments in a layered and semantically meaningful manner. This approach not
only facilitates spatial data analysis but also enables real-time, context-aware explo-

ration for applications such as urban planning, education, and public engagement.

3.5 Remote Rendering vs. Local Rendering

To evaluate the effectiveness of the proposed XR system based on remote rendering, a
comparative performance analysis was conducted against a baseline configuration in
which all rendering tasks were executed locally on the HoloLens 2. The evaluation fo-
cuses on three performance indicators that directly affect user experience in immersive
applications: frame rate, rendering resolution, and end-to-end latency. Maintaining a
stable frame rate and low latency is critical for ensuring visual continuity, interaction

responsiveness, and overall comfort in mixed reality environments.

In both remote and local rendering configurations, the system was initially set to
target a frame rate of 60 frames per second at a rendering resolution of 2048 x 1080
pixels. This configuration matches the native display capability of the HoloLens 2
and is widely regarded in the XR literature as a baseline requirement for smooth and
immersive interaction. In addition, following established guidelines, the acceptable
upper bound for end-to-end latency was set to approximately 60 milliseconds, beyond

which users may experience noticeable interaction delay or motion discomfort [67].

To further examine the scalability and robustness of each rendering approach un-
der different visual quality requirements, an additional experimental condition with
reduced rendering resolution was introduced. Specifically, all measurements were re-
peated using a lower resolution of 1024x540 pixels while maintaining the same 60
FPS target. This low-resolution configuration represents lightweight rendering sce-
narios in which computational demand is reduced, allowing an assessment of whether
local rendering performance can be improved through resolution scaling on resource-

constrained devices such as the HoloLens 2.
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Figure 3.5: Comparison between the proposed remotely rendered system and the

locally rendered system in terms of frame rate and end-to-end latency.

For each resolution setting, performance was evaluated in terms of achieved frame
rate, end-to-end input-to-display latency, and rendering stability. System-level re-
source utilization was also monitored, including CPU and GPU load on the HoloLens
2 during local rendering and on the server during remote rendering. In addition, ther-

mal behavior and battery consumption were observed during local rendering sessions,
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as sustained high computational load may result in overheating and performance
throttling on mobile XR headsets. These measurements were designed to determine
whether offloading rendering to an external server can provide a more stable and
responsive user experience, particularly for visually complex and data-intensive sce-

narios.

To assess real-world performance under different rendering configurations, four
representative scenarios were designed by combining rendering location and output
resolution. As illustrated in Fig. 3.5, these scenarios include Remote_high (remote
rendering at high resolution), Remote_low (remote rendering at low resolution), Lo-
cal_high (local rendering at high resolution), and Local low (local rendering at low
resolution). Each scenario was evaluated using two key performance metrics: frame

rate and end-to-end latency.

The experimental results reveal a clear advantage of remote rendering in terms
of frame rate stability. Under local rendering, particularly at high resolution, the
HoloLens 2 was unable to sustain acceptable performance. The measured frame rate
for local high-resolution rendering ranged from 9 to 21 frames per second, indicating
severe computational bottlenecks. Even when the resolution was reduced, local ren-
dering performance remained limited, with frame rates fluctuating between 25 and
33 FPS. These values are substantially below the 60 FPS target required for smooth
mixed reality interaction. In contrast, both remote rendering configurations consis-
tently achieved frame rates close to the target of 60 FPS, independent of resolution.
This demonstrates that offloading rendering tasks to a dedicated server effectively
alleviates the computational constraints of the HoloLens 2 and enables real-time ren-

dering of complex three-dimensional scenes.

Latency measurements further support these findings. The local low-resolution
scenario exhibited the lowest average latency, approximately 40 milliseconds, due to
the absence of network transmission overhead. However, local high-resolution render-
ing incurred significantly higher latency, reaching up to 110 milliseconds. Such delays

can noticeably degrade interaction responsiveness and may cause user discomfort dur-
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ing extended use. Although remote rendering introduces additional latency from video
encoding, network transmission, and decoding, the overall delay remained within an
acceptable range. Specifically, remote low-resolution rendering produced latencies
between 59 and 65 milliseconds, while remote high-resolution rendering resulted in
latencies between 68 and 86 milliseconds. Despite the added communication over-
head, these values are substantially lower than those observed in local high-resolution

rendering and remain within tolerable limits for interactive XR applications.

In summary, the comparative evaluation demonstrates that remote rendering pro-
vides clear performance advantages over local rendering on the HoloLens 2. By lever-
aging external computational resources, the proposed system achieves stable frame
rates and controlled latency, enabling a consistent and high-quality mixed reality ex-
perience even for large-scale and visually demanding environments such as city-scale

digital twins.

3.6 Metaverse Network Traffic Analysis and Mod-

eling

Metaverse networks refer to communication infrastructures specifically designed to
support the transmission of extended reality content across distributed systems [05].
In the proposed system, the metaverse network serves as the communication bridge
between the HoloLens 2 headset and the remote rendering server. It is responsible
for delivering user motion and interaction data from the headset to the server and

streaming rendered video frames back to the user in real time.

To characterize the network traffic generated by this system, we conducted an
empirical traffic analysis using Wireshark, a widely adopted packet capture and in-
spection tool. Traffic traces were collected directly on the rendering server during
live XR sessions. The experiments were conducted under the default operating con-

figuration of the HoloLens 2, with a target frame rate of 60 frames per second and
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a rendering resolution of 2048x1080 pixels. High-Efficiency Video Coding (HEVC)
was employed as the video compression standard. To avoid artificial constraints on
traffic behavior, no explicit upper bound was imposed on the transmission rate. All

captured packets were stored locally for offline analysis.

To decode and extract protocol-level features from the captured traces, we used
Scapy, a Python-based packet manipulation and analysis library. This process enabled
detailed examination of transport protocols, packet sizes, and temporal transmission
patterns. The analysis indicates that the system relies on User Datagram Proto-
col (UDP) over IPv4 rather than Transmission Control Protocol (TCP). This design
choice is consistent with the stringent latency requirements of XR systems. While
TCP ensures reliable delivery through acknowledgment and retransmission mecha-
nisms, its additional overhead and retransmission delays are ill-suited for real-time
interactive applications. In contrast, UDP offers lightweight and low-latency trans-
mission, making it more appropriate for XR scenarios in which timely delivery is
prioritized over strict reliability. Limited packet loss can be tolerated as long as

perceptual continuity is preserved.
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Figure 3.6: Representative packet traces from the uplink and downlink streams cap-

tured during system operation.

The design of high-performance XR networks requires an accurate understanding
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of traffic characteristics. Precise traffic modeling not only supports optimization of
real-world deployments but also enables simulation studies and the generation of syn-
thetic metaverse traffic traces for testing and validation [08]. Among various traffic
properties, two aspects are particularly relevant for system optimization: the statisti-
cal distribution of video frame data and the temporal behavior of frame transmission.
To this end, we analyzed a representative segment of the bidirectional traffic stream
generated during system operation. The observed uplink and downlink traffic pat-

terns are illustrated in Fig. 3.6.

In the uplink stream, two to three small packets are transmitted from the HoloLens 2
at intervals of approximately 17 milliseconds. This interval closely matches the the-
oretical inter-frame duration of a 60 FPS system, which is about 16.7 milliseconds.
Based on packet size and timing, these uplink packets primarily carry user interaction
information, including head pose, gaze direction, and hand motion data, as well as

synchronization metadata required by the rendering server.

In the downlink stream, which delivers rendered video frames and control informa-
tion, two distinct packet types are observed. The first type consists of large packets,
typically exceeding 1000 bytes, transmitted in short bursts composed of multiple con-
secutive packets. These bursts occur approximately every 17 milliseconds and often
appear in closely spaced pairs. This pattern is consistent with stereo rendering, where
separate video streams are generated for the left and right eyes and transmitted at
the target frame rate. The second type consists of smaller packets carrying synchro-
nization and control information. These packets are transmitted at regular intervals

aligned with the frame cycle but are independent of the video data bursts.

Taken together, these observations reveal a highly regular and periodic traffic
structure that is tightly coupled to the rendering pipeline of the HoloLens 2. Both
uplink and downlink traffic rates are largely governed by the system frame rate,
confirming that video rendering and interactive feedback dominate the traffic profile

of the XR system.
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Figure 3.7: Statistical analysis of downlink traffic, including video frame size, frame
interval, and eye interval. Q—Q plots compare empirical data against normal, Laplace,

and logistic distributions.

Our analysis focuses on three key properties of downlink metaverse traffic: video
frame size, frame arrival interval, and the inter-burst interval between left-eye and
right-eye frames, referred to as the eye interval. These properties are critical for con-
structing realistic traffic models and for designing predictive or adaptive mechanisms
in XR networks. For each property, empirical distributions were first visualized using

histograms, as shown in Fig. 3.7(a), (c), and (e). Quantile-quantile plots were then
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constructed to assess goodness of fit against candidate theoretical distributions. In
a Q—Q plot, close alignment of sample points with the reference line y = x indicates

consistency between empirical and theoretical distributions [05].

We compared the empirical data with three commonly used probability distribu-
tions: normal, Laplace, and logistic. Their standardized probability density functions

are given by

—x2/2
e
Normal(z) = , (3.1)
V2m
il
Laplace(z) = c 5 (3.2)
- e "
LOngth(I’) = m (33)

As shown in Fig. 3.7(b), the Q-Q plot for frame size exhibits strong alignment
with the normal distribution, while noticeable deviations appear for the Laplace and
logistic distributions. Similar trends are observed for the frame interval in Fig. 3.7(d)
and for the eye interval in Fig. 3.7(f). In all cases, the normal distribution provides

the closest fit to the empirical data.

Based on these results, we conclude that video frame size, frame interval, and eye
interval in the studied XR system can be well approximated by normal distributions.
This finding provides a practical statistical foundation for modeling metaverse traffic
and supports the development of simulation frameworks and performance evaluation

tools in future work.

Accurate prediction of video frame sizes in XR systems remains challenging due
to the temporal complexity of metaverse traffic. Unlike conventional video streaming,
XR traffic exhibits both long-range dependence and short-range dependence, result-
ing in persistent correlations over extended time horizons as well as rapid short-term
fluctuations. These characteristics complicate the construction of predictive models
that are both stable and responsive. While existing studies have proposed traffic
prediction methods for HT'TP-based adaptive streaming protocols such as Dynamic

Adaptive Streaming (DAS) over HTTP and HTTP Live Streaming (HLS) [69], those
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approaches are tailored to segment-based, request-response architectures with signif-

icant buffering and are not directly applicable to XR systems.

XR applications typically rely on Real-time Transport Protocol for continuous,
low-latency media delivery. In addition, metaverse traffic exhibits strong asymme-
try between downlink and uplink streams. The downlink is dominated by high-
throughput video data, often referred to as an elephant flow, whereas the uplink
consists of frequent but lightweight packets carrying user interaction data, forming
a mice flow. This dual-flow structure differs fundamentally from traditional video

streaming traffic and motivates the need for XR-specific prediction models.

Given the limited prior work on metaverse traffic prediction, we propose a statisti-
cal approach to forecast successive video frame sizes. Let F} denote the frame size at
time ¢, forming a univariate time series. We model this series using an Autoregressive

Moving Average model of order (p, q), defined as

p q
Fir=c+e+ Z oiF—i + Z i€, (3.4)
i=1 i=1

where ¢; and 6; are the autoregressive and moving average coefficients, respectively,

¢; denotes white noise, and ¢ is a constant term.
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Figure 3.8: Predicted frame sizes obtained from the ARMA-based model compared

with ground truth frame sizes on the test dataset.
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Stationarity is a prerequisite for Autoregressive Moving Average (ARMA) mod-
eling. To verify this condition, we applied the Augmented Dickey—Fuller test to the
frame size series, which confirmed stationarity at the 95% confidence level. Model
orders were selected by examining the Autocorrelation Function and Partial Auto-

correlation Function, leading to the choice of p = 5 and ¢ = 4.

For evaluation, 70% of the dataset was used for training and the remaining 30%
for testing. As illustrated in Fig. 3.8, the predicted frame sizes closely track the
ground truth values, including during periods of pronounced fluctuation. These re-
sults demonstrate that the ARMA(5,4) model effectively captures the temporal de-
pendencies in metaverse frame size dynamics, making it a suitable candidate for
short-term traffic prediction in future adaptive streaming and bandwidth estimation

mechanisms.

3.7 Limitations

Although this chapter demonstrates the feasibility of remote rendering for supporting
complex metaverse applications on resource-constrained XR devices, several limita-

tions should be acknowledged.

First, the experimental evaluation is based on a specific prototype system and
a single representative case study. In this chapter, the proposed system is imple-
mented using Microsoft HoloLens 2, Unity, Holographic Remoting, and a New York
City digital twin dataset. This setup provides a realistic and visually demanding
environment for evaluating the potential of remote rendering. However, the findings
may not be directly generalizable to all XR devices, rendering engines, or metaverse
applications. Different head-mounted displays may have different display resolutions,
tracking mechanisms, decoding capabilities, thermal constraints, and onboard com-
puting resources. Similarly, different metaverse scenarios, such as indoor industrial
training, multi-user social interaction, collaborative design, or highly dynamic virtual

gaming environments, may introduce different rendering workloads and interaction
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patterns. Therefore, while the case study provides useful evidence for the advantages
of remote rendering, further validation across more heterogeneous XR devices, appli-
cation domains, and scene complexities is needed to strengthen the generality of the

conclusions.

Second, the system is evaluated under relatively controlled network and deploy-
ment conditions. In the current implementation, the HoloLens 2 is connected to the
rendering server through a USB-C cable to ensure stable data transmission and re-
peatable performance measurement. This design is useful for isolating the impact
of rendering offloading from uncontrolled wireless network fluctuations. However,
practical metaverse systems are more likely to operate over Wi-Fi, 5G, or edge-cloud
networks, where bandwidth variation, packet loss, jitter, handover delay, and net-
work congestion may significantly affect the user experience. In addition, this chapter
mainly considers a single-user remote rendering scenario, whereas real-world meta-
verse platforms often involve multiple users sharing the same edge server and net-
work infrastructure. As the number of users increases, server-side GPU contention,
bandwidth competition, and scheduling conflicts may become important performance
bottlenecks. Therefore, future work should evaluate the proposed approach under re-

alistic wireless networks and multi-user edge rendering environments.

Third, the evaluation mainly relies on objective system-level measurements and
trace-based traffic modeling, while subjective user experience and broader traffic dy-
namics are not fully explored. The comparison between remote and local rendering fo-
cuses on metrics such as frame rate, resolution, latency, and resource utilization, which
are essential for assessing XR system performance. However, these metrics cannot
fully represent user-perceived QoE, including visual comfort, interaction naturalness,
perceived responsiveness, cybersickness, and overall immersion. A larger-scale user
study would be necessary to examine whether the measured performance improve-
ments translate into meaningful perceptual benefits. Moreover, the network traffic
analysis is based on traces collected from one specific system configuration, includ-

ing HoloLens 2, Holographic Remoting, HEVC encoding, 60 FPS, and 2048x 1080
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resolution. Although the results reveal useful traffic characteristics and show that
ARMA-based modeling can capture short-term frame size dynamics, the model may
not fully capture more complex traffic behaviors caused by abrupt scene changes,
diverse user interactions, adaptive bitrate control, or different codec configurations.
Future research should combine subjective QoE studies with more diverse traffic traces
and advanced prediction models to provide a more comprehensive understanding of

metaverse network behavior.
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Chapter 4

A Collaborative Thing-Edge-Cloud

Architecture for the Metaverse

4.1 Core Components

The proposed agentic metaverse architecture is a hierarchical thing—edge—cloud sys-
tem (Fig. 4.1), in which heterogeneous agents are deployed across layers with clearly
differentiated responsibilities. This architectural organization is motivated by the
intrinsic heterogeneity of metaverse workloads, which simultaneously involve high-
frequency user interaction, latency-sensitive control decisions, and computation-intensive
cognitive reasoning. By decoupling perception, execution, and cognition across layers
while maintaining coordinated control, the framework supports both scalability and
responsiveness in complex immersive environments. Moreover, the layered design
provides a principled foundation for integrating agentic intelligence into metaverse
systems in a systematic and extensible manner. The core components of the archi-

tecture are described below.

e Thing layer: The thing layer represents the embodied interaction endpoint of
the agentic metaverse, where users directly engage with virtual environments
through immersive devices such as XR headsets, controllers, and sensing units.
This layer continuously captures fine-grained user inputs, including body mo-

tion, hand gestures, head orientation, gaze direction, and interaction commands,
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and delivers multimodal feedback encompassing visual, auditory, and haptic sig-
nals under strict latency constraints. As the closest layer to human perception
and action, the thing layer emphasizes responsiveness, stability, and perceptual
fidelity rather than complex computation. By anchoring system intelligence in
real-time physical interaction, the thing layer establishes the perceptual ground-
ing of the architecture and serves as both the input and output interface of the

perception—decision—action cycle.
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Figure 4.1: Proposed agentic metaverse architecture based on a thing—edge—cloud hi-
erarchy. The framework integrates MLLM-based cognitive agents at the cloud layer,
lightweight agents for real-time execution at the edge layer, and immersive user in-
teraction at the thing layer. An Al agent controller coordinates task decomposition,
resource allocation, and agent collaboration, while a performance monitoring mecha-

nism supports adaptive and closed-loop system operation.

e Edge layer with lightweight edge agents: The edge layer provides real-time ex-

ecution capabilities and is deployed on geographically distributed edge servers
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in close proximity to end users. Its primary role is to ensure low-latency re-
sponsiveness and local adaptability under fluctuating network conditions and
dynamic user interactions. Lightweight edge agents residing in this layer are re-
sponsible for time-sensitive operations such as adaptive bandwidth allocation,
rendering control, and short-horizon decision-making. These agents typically
rely on compact models or reinforcement learning policies that can be executed
efficiently with limited computational overhead. By prioritizing fast reaction
and local optimization, the edge layer enables stable and continuous interaction
while reducing end-to-end latency and mitigating bandwidth pressure on the

cloud layer.

Cloud layer with MLLM-based cloud agents: The cloud layer functions as the
centralized computation and information backbone of the agentic metaverse.
Supported by abundant computing and storage resources, this layer enables
persistent data management, global state maintenance, and large-scale model
inference. MLLM-based cloud agents operate within this layer to conduct
computation-intensive cognitive tasks, including multimodal reasoning, long-
context understanding, knowledge integration, and semantic abstraction. By
aggregating visual, textual, and interaction data across users and time, these
agents construct high-level representations of the virtual environment and user
intent. Such representations provide the cognitive basis for long-term consis-
tency, global coordination, and strategic decision-making across the metaverse

system.

AT agent controller: The AI agent controller serves as the orchestration core
that coordinates heterogeneous agents across the thing—edge—cloud hierarchy
to achieve coherent and goal-oriented behavior. It maintains a unified system
perspective by continuously tracking user interactions, environmental context,
execution states, and performance feedback from all layers. Based on this global
awareness, the controller performs task cognition and planning by decomposing

high-level objectives into structured subtasks with explicit dependencies and
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temporal constraints. For each subtask, the controller dynamically selects the
execution layer by jointly considering latency sensitivity, computational com-
plexity, context length requirements, data locality, and current system load.
Continuous runtime monitoring further enables adaptive scheduling, load bal-
ancing, and re-planning, thereby improving system robustness under dynamic

and uncertain operating conditions.

Overall, the proposed framework operates through a hierarchical and iterative
processing pipeline that integrates embodied interaction, real-time execution, and
cloud-scale cognition. The pipeline begins at the thing layer, where continuous user
interactions define the system context through embodied inputs and feedback signals.
These signals are partially processed at the edge layer to support low-latency adapta-
tion and responsive execution, while distilled contextual information and performance
summaries are forwarded to the cloud layer. At the cloud layer, MLLM-based agents
perform computation-intensive reasoning over aggregated and historical context to
derive high-level semantic representations and long-term strategies. Guided by these
representations, the agent controller organizes tasks, decomposes objectives, and or-
chestrates coordinated execution across layers. Execution outcomes and performance
indicators are continuously fed back into the control loop, enabling adaptive refine-
ment and closed-loop coordination. Through this integrated pipeline, the architecture
unifies perception, reasoning, and action into a coherent agentic intelligence process

tailored for scalable and immersive metaverse systems.

4.2 Key Performance Metrics

Evaluating the proposed agentic metaverse architecture requires a set of performance
metrics that go beyond conventional network-centric or device-centric indicators. Un-
like traditional metaverse systems that primarily focus on rendering quality or com-

munication efficiency, the proposed framework tightly integrates embodied interaction
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at the thing layer, real-time adaptive execution at the edge layer, and cloud-scale cog-
nitive reasoning coordinated by a centralized Al agent controller. As a result, system
effectiveness must be assessed from multiple complementary dimensions that jointly
capture intelligence, efficiency, robustness, and user-perceived experience. To this
end, the following categories of performance metrics are defined to provide a unified

and comprehensive evaluation perspective.

e Agent cognition metrics: These metrics assess the ability of intelligent agents to
perceive environmental context, interpret multimodal inputs, infer user intent,
and generate coherent decision outcomes over time. They characterize the qual-
ity, consistency, and temporal stability of semantic understanding across suc-
cessive decision cycles, as well as the alignment between inferred goals, planned
actions, and observed system behavior. Within the proposed architecture, agent
cognition metrics primarily reflect the reasoning effectiveness of MLLM-based
cloud agents and the fidelity with which their cognitive outputs are translated

into executable strategies by the Al agent controller.

e Resource utilization metrics: These metrics evaluate how efficiently computa-
tional, rendering, and networking resources are allocated and utilized across the
cloud and edge layers. Rather than focusing solely on absolute resource con-
sumption, they emphasize utilization effectiveness relative to achieved perfor-
mance and service quality. Such metrics capture the adaptability of agent-driven
resource control under dynamic workloads, the stability of allocation decisions
over time, and the coordination overhead introduced by cross-layer orchestra-
tion. They provide insight into how well the system balances performance gains

against operational costs.

e Task achievement metrics: Task achievement metrics measure the extent to
which user-specified objectives or system-level goals are successfully realized.
They assess task completion accuracy, execution timeliness, and responsiveness

to changes in user intent or environmental conditions. In addition, these met-
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rics evaluate the consistency between intended outcomes derived during task
planning and the actual execution results observed at runtime. By directly
linking agent decision-making processes to functional outcomes, task achieve-
ment metrics reflect the practical effectiveness of agentic control in supporting

goal-oriented interaction.

e Immersive experience metrics: These metrics evaluate the perceptual quality,
continuity, and stability of user experience within the metaverse environment.
They capture aspects such as smoothness of interaction, visual and temporal
coherence, and resilience of immersion under fluctuating system load or net-
work conditions. By prioritizing user-perceived experience rather than isolated
low-level indicators, immersive experience metrics assess the tangible impact of
agentic coordination, adaptive execution, and resource management on overall

immersion quality.

e Robustness and adaptability metrics: Robustness and adaptability metrics char-
acterize the system’s ability to maintain stable and reliable operation under
unexpected or adverse conditions, including abrupt changes in user interac-
tion patterns, variable resource availability, network disturbances, and partial
agent failures. These metrics evaluate the effectiveness of self-adaptive mecha-
nisms, fault tolerance strategies, and recovery processes enabled by the agentic
framework. They reflect the capacity of the architecture to sustain acceptable
performance and user experience in dynamic and uncertain operating environ-

ments.

Together, these metric categories form a holistic evaluation framework that cap-
tures cognitive intelligence, operational efficiency, experiential quality, and system
resilience. By jointly considering these dimensions, the proposed metrics enable a
systematic assessment of how well the agentic metaverse architecture integrates per-

ception, reasoning, and action across the thing—edge—cloud hierarchy.
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4.3 Communication Protocols

Efficient coordination across heterogeneous layers and intelligent agents requires a
communication design that is closely aligned with functional roles and interaction
patterns within the system. The proposed framework therefore adopts a role-aware
and differentiated communication strategy, in which protocol selection is guided by
the latency requirements, semantic complexity, and coordination objectives of each
communication path. Instead of relying on a monolithic protocol stack, the architec-
ture integrates multiple complementary communication mechanisms, allowing each
layer and agent interaction to operate under protocols that best match its opera-

tional characteristics.

e Thing—-edge communication: The communication between the thing layer and
the edge layer underpins embodied interaction and immersive user experience,
and thus emphasizes ultra-low latency, continuous bidirectional transmission,
and resilience to rapidly changing network conditions. This communication path
carries high-frequency interaction events and real-time media streams, where
timely delivery is more critical than strict reliability guarantees. Protocols such
as WebRTC naturally fit this interaction pattern by providing native support
for real-time audio and video transmission together with adaptive congestion
control [70]. Transport solutions built on QUIC further reduce connection setup
overhead and improve responsiveness under dynamic network conditions, while
lightweight persistent channels such as WebSocket complement media trans-
port by enabling interaction control, signaling, and state synchronization [71].
Collectively, these mechanisms enable smooth and responsive thing—edge inter-

action without introducing excessive protocol overhead.

e Edge—cloud communication: Communication between the edge and cloud lay-
ers focuses on exchanging abstract system context, task specifications, execu-

tion feedback, and resource coordination information. In contrast to thing—edge
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interaction, this communication path is less constrained by hard real-time re-
quirements and instead prioritizes reliability, scalability, and semantic correct-
ness. Service-oriented communication based on RESTful APIs over HTTP/2
or HTTP/3 provides standardized and interoperable interfaces for accessing
cloud services, while gRPC enables efficient structured communication suit-
able for coordination tasks that remain performance sensitive [72]. For large-
scale and distributed deployments, message-oriented middleware such as Kafka
or RabbitMQ supports asynchronous communication and decoupling between
cloud-level cognition and edge-level execution, improving system robustness and

scalability [73,74].

Agent—agent communication: Communication among intelligent agents dis-
tributed across the cloud and edge layers is primarily semantic and goal-driven.
Rather than transmitting raw sensory data, these interactions focus on shar-
ing intent, intermediate reasoning outcomes, coordination signals, and task-
related state. Agent-to-Agent communication paradigms provide an abstrac-
tion well suited to collaborative planning, negotiation, and distributed decision-
making [75]. Contemporary multi-agent frameworks adopt similar mechanisms,
including structured conversational exchanges, stateful message-passing graphs,
and lightweight peer-to-peer coordination models, enabling agents to align their

behaviors while preserving autonomy.

Agent—tool communication: Agent-tool communication enables intelligent agents
to access external computational services, models, or knowledge bases as part
of their reasoning and execution workflow. This interaction is inherently task-
oriented and requires clearly defined interfaces with predictable execution se-
mantics. The Model Context Protocol offers an open and standardized approach
for exposing tool capabilities to agents in a unified and interpretable format [76].
In parallel, function-calling mechanisms and OpenAPI-based interfaces provide
widely adopted solutions for structured service invocation, supporting modular

integration, extensibility, and interoperability within agent-centric systems.
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By adopting a differentiated communication design, the proposed framework aligns
protocol choices with the functional requirements of each interaction path. This ap-
proach enables low-latency embodied interaction, reliable and scalable coordination
between edge and cloud, and semantically rich collaboration among agents and tools,
thereby supporting coherent and efficient operation in large-scale agentic metaverse

environments.

4.4 Limitations

Although this chapter proposes a collaborative thing—edge—cloud architecture for sup-
porting agentic intelligence in the metaverse, several limitations should be acknowl-

edged.

First, the proposed architecture is mainly presented as a conceptual and system-
level framework, rather than a fully deployed large-scale metaverse system. The
framework defines the functional roles of the thing layer, edge layer, cloud layer, and
AT agent controller, and explains how heterogeneous agents can collaborate across
these layers. However, the complete architecture has not yet been implemented
and evaluated as an end-to-end production system. In particular, the deployment
of MLLM-based cloud agents, lightweight edge agents, and the Al agent controller
across real edge-cloud infrastructure may introduce additional engineering challenges,
including model serving latency, cross-layer synchronization, runtime scheduling over-
head, and resource contention. Therefore, while the proposed architecture provides a
structured foundation for integrating agentic intelligence into metaverse systems, fur-
ther implementation and experimental validation are needed to examine its practical

feasibility, scalability, and efficiency under real-world deployment conditions.

Second, the proposed performance metrics provide a holistic evaluation perspec-
tive, but they remain relatively high-level and require further operationalization. This
chapter identifies several important metric categories, including agent cognition, re-

source utilization, task achievement, immersive experience, and robustness. These
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dimensions are useful for understanding the multi-faceted nature of agentic meta-
verse systems. However, some of these metrics, especially agent cognition and task
achievement, are difficult to quantify in a unified and objective manner. For example,
evaluating whether an agent correctly understands user intent, maintains semantic
consistency over time, or successfully decomposes a complex task may depend on task
context, user expectations, and evaluation criteria. Similarly, immersive experience
metrics often require subjective user studies in addition to system-level measure-
ments. Future work should define more concrete measurement methods, benchmark
tasks, and evaluation protocols to transform these metric categories into reproducible

quantitative indicators.

Third, the communication protocol design is discussed from a functional perspec-
tive, but its performance, interoperability, and security implications are not fully eval-
uated in this chapter. The proposed architecture suggests different communication
mechanisms for thing—edge, edge—cloud, agent—agent, and agent—tool interactions,
such as WebRTC, QUIC, RESTful APIs, gRPC, message-oriented middleware, and
agent communication protocols. However, the integration of multiple protocols in a
unified metaverse system may introduce additional complexity. For instance, different
communication paths may have different latency, reliability, serialization, synchro-
nization, and fault-tolerance requirements. In addition, agent—agent and agent—tool
communication may involve sensitive user context, multimodal data, and high-level
reasoning outputs, raising concerns about privacy protection, access control, and
secure coordination. Therefore, future research should further investigate protocol-
level performance, cross-platform interoperability, and security mechanisms to ensure
that the proposed architecture can operate reliably in open, dynamic, and large-scale

metaverse environments.
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Chapter 5

Deep Reinforcement Learning for Re-

source Allocation in the Metaverse

5.1 Problem Formulation

In a edge computing-enabled metaverse, a large number of users simultaneously ac-
cess immersive services with strict requirements on latency, throughput, and compu-
tational capacity. Representative services include real-time rendering of virtual envi-
ronments, Al-driven interaction, and personalized content streaming. These services
jointly impose heavy and highly dynamic loads on both communication and com-
putation resources at the network edge. When resource management is inefficient,
congestion and contention quickly emerge, leading to degraded QoE and limited sys-
tem scalability. As a result, efficient and adaptive resource allocation is a fundamental

prerequisite for sustaining high-quality metaverse services.

We formulate the resource allocation problem as a cooperative multi-agent decision-
making process, in which multiple agents collaboratively allocate constrained edge re-
sources (e.g., wireless bandwidth, CPU cycles, and GPU memory) to users or tasks.
Each agent determines its local allocation decision based on partial observations of
the system state. This formulation naturally captures the decentralized, dynamic,
and interactive characteristics of metaverse systems, where user demands evolve over

time, network conditions fluctuate, and edge resources are inherently limited.
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In this setting, we consider a fully cooperative multi-agent paradigm [77], where
all agents jointly optimize a shared global objective. Specifically, the goal is to maxi-
mize overall QoE while maintaining fairness and balanced service quality across users.
Consequently, agents are not optimized for individual utilities, but instead learn co-

ordinated policies that contribute to a common long-term system objective.

Due to the distributed nature of the system, each agent has access only to local
and partial observations of the global environment. For example, an agent may
observe the channel condition, rendering workload, or latency requirement of a specific
user, while the full system state remains unobservable. To explicitly model this
partial observability and decentralized control structure, we formulate the problem

as a Decentralized Partially Observable Markov Decision Process (Dec-POMDP) [75].

A Dec-POMDP is defined by the tuple (S, N, {A*}icnr, P, R, {O%}ienr, Q, ), where:

S denotes the global state space, which captures system-level information such

as user demand, network load, edge server capacity, and service requirements.

e N =1{1,2,...,N} is the set of agents, each corresponding to a user or an edge

resource allocator.

e A’ is the action space of agent 7. At each time step ¢, agent i selects an action
ai € A" according to its policy 7'(al | o!), and the joint action is denoted as

a; = (af,...,a)).

e O represents the observation space of agent i. Each agent receives a local
observation o! € O, which is generated from the global state via the observation

function Q(o! | s;).

e P(si11 | st,ay) defines the state transition dynamics, which are governed by

user behavior, service requests, and edge-side resource responses.

e R(sy,a;) is a shared reward function received by all agents, which measures

system-level performance in terms of QoE and resource efficiency.
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e v € (0,1] is the discount factor that balances immediate performance and long-

term system utility.

This Dec-POMDP formulation provides a rigorous mathematical foundation for
applying cooperative multi-agent reinforcement learning to metaverse resource alloca-
tion. In the following sections, we further detail the design of the state representation,
local observation space, action space, and reward function, which together enable co-

ordinated decision-making under partial observability.

5.1.1 State and Observation Space

In the edge computing-enabled metaverse environment, each agent corresponds to an
individual user or service task, and its decision-making capability critically depends
on the fidelity of its environmental perception. Owing to the decentralized control
structure, agents do not have access to the full global system state. Instead, each
agent relies on a local observation that reflects both communication conditions and
edge-side computational performance, which jointly determine the perceived QoE and

instantaneous resource demand.

At time step ¢, the network condition observed by agent i is denoted as N; and

represented as a six-dimensional vector
Ny = (x4, Y3 s i P 1h) (5.1)

where z! denotes the previously selected target bit rate, and 3! represents the actual
received bit rate measured at the user side. The term [/ captures the average round-
trip latency, reflecting end-to-end communication delay, while ji characterizes network
jitter, which is closely related to temporal stability of visual quality. The variables pi
and n! denote the number of lost packets and the number of negative acknowledgment
messages, respectively, both of which indicate transmission reliability and decoding

robustness.
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In addition to communication-related information, each agent also observes met-
rics associated with its rendering task at the edge server. These metrics are summa-

rized by a four-dimensional vector
Ci = (2, uy, €y, dy), (52)

where 2! represents the most recent control signal issued by the agent to regulate
CPU usage, and u! denotes the proportion of currently available CPU resources at
the edge server. The rendered frame rate for the user is captured by e!, measured
in frames per second, while di denotes the average rendering delay per frame, which

directly affects visual smoothness and interaction responsiveness.

The complete local observation of agent ¢ at time ¢ is defined as the concatenation
of network and computation features
Oi = (N tZ ) CZ )
(53)
= (T, Vi Uiy 31 s s 215 Uy, €4, ).

This observation design enables each agent to jointly reason about end-to-end
communication quality and edge-side rendering efficiency, thereby supporting adap-
tive and QoE-aware resource allocation decisions. While execution is fully decentral-
ized, effective coordination among agents during learning requires access to global
information. Accordingly, the global state s; is defined as the aggregation of local

observations from all agents
St:(O%,O?,...,OiV)ES, (54)

where S denotes the global state space. This centralized state representation is em-
ployed exclusively during training to facilitate coordination and credit assignment,
whereas decentralized execution is preserved during inference. Such a formulation
is consistent with the centralized training and decentralized execution paradigm and
provides a principled foundation for cooperative multi-agent learning under partial

observability.
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5.1.2 Action Space

In the proposed multi-agent resource allocation framework, each agent dynamically
controls both communication and computation resources allocated to its associated
user. Consequently, the action space must support continuous decision-making over
two tightly coupled dimensions, namely transmission bit rate and CPU resource al-

location for edge rendering.

For communication control, agent ¢ selects a target transmission bit rate for ren-
dered frames. This decision directly affects visual fidelity as well as network conges-
tion. Let ai™ denote the communication-related action of agent i at time ¢, which is

constrained to the interval

a?m S [bmina bmax]7 (55)

where by, and by, denote the minimum and maximum allowable bit rates, respec-
tively. These bounds are determined by hardware limitations and application-level

quality-of-service requirements.

Simultaneously, the agent adjusts computation resources through CPU throttling
at the edge server. Let ai’p denote the computation-related action, representing the
proportion of CPU resources allocated to the rendering task. This variable is bounded

as

;" € [Imin, Imasd, (5.6)

where [, and [, correspond to the minimum and maximum CPU usage levels
expressed as fractions of total available edge CPU capacity. By tuning this parameter,

the agent can balance rendering performance against overall resource efficiency.

The complete action of agent ¢ at time ¢ is therefore defined as a two-dimensional

continuous vector
ay = (7™, a;"), (5.7)
which jointly determines the communication quality and computational responsive-

ness experienced by the user. The individual action space of each agent is given
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Ai g [bmin7 bmax] X [lmina lmax] C Ri_ (58)
The joint action of all agents at time t is defined as
a; = (a},a?,...,a) € A, (5.9)

where A = A! x A% x --- x AN denotes the global action space. This joint action
drives the environment transition and captures the collective impact of distributed
resource allocation decisions. The continuous nature of the action space makes it
particularly suitable for actor-critic based reinforcement learning methods and enables
fine-grained adaptation to the highly dynamic and non-linear conditions characteristic

of metaverse systems.

5.1.3 Reward Design

In our experiments, agents are guided by a shared reward signal that reflects collective
system performance and encourages coordinated behavior. In the edge computing-
enabled metaverse considered in this work, multiple agents jointly allocate commu-
nication and computation resources under dynamic and uncertain conditions. The
reward function therefore plays a central role in aligning decentralized actions with
global optimization objectives. To capture the multi-dimensional nature of immersive
service delivery, the reward is designed to incorporate three complementary compo-
nents, namely user-perceived Quality of Experience, balance in communication re-
source allocation, and balance in computation resource allocation. This subsection
focuses on the modeling of user-perceived QoE, while subsequent components are

introduced to explicitly enforce fairness and system-level efficiency.

We adopt a time-step-based QoE formulation that jointly accounts for scene qual-
ity, rendering smoothness, network latency, and temporal stability. For agent ¢ at

time step ¢, the instantaneous QoE is defined as

QoEl = aq(y;) — B} = Flagel — 72U7) — 6 la(yiya) — a(wi), (5.10)
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where each term captures a distinct aspect of perceptual experience.

The first term ¢(y!) represents scene quality as a function of the received bit rate
yi. To model diminishing perceptual returns at high bit rates, a logarithmic utility
function is employed, given by q(yi) = log(y;/y’ ), Where ¥ . denotes a minimum
reference bit rate. The weighting coefficient o controls the relative importance of

visual fidelity.

The second term penalizes temporal choppiness caused by frame loss or delayed
rendering. Here, f{ denotes the actual received frame rate, and ftiarget is the desired
target frame rate. The coefficient [ adjusts the sensitivity of the QoE to deviations

from smooth playback.

The third term models the negative impact of network latency on user comfort
and interaction responsiveness. The penalty function is defined as p(I}) = exp(l1/I¢ . ),

where [! denotes the observed round-trip latency and [’ . serves as a normalization
baseline. This exponential form reflects the empirical observation that user tolerance

to latency degrades rapidly once a critical threshold is exceeded.

The final term penalizes temporal instability in scene quality across consecutive
time steps. Large fluctuations in bit rate may cause visual discomfort and reduce
immersion, even when the average quality remains high. The coefficient ¢ regulates

the strength of this smoothness constraint.

The system-level QoE at time step ¢ is obtained by aggregating individual expe-

riences across all agents,
N
Q=) QoE, (5.11)
i=1
which serves as the primary performance indicator for immersive service quality.

While maximizing aggregate QoE is essential, unconstrained optimization may
result in severe resource imbalance across users. Such imbalance can degrade fair-
ness, reduce infrastructure efficiency, and lead to unstable service behavior. To ex-

plicitly discourage disproportionate allocation of resources, we introduce additional
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penalty terms that capture the dispersion of communication and computation re-

sources among agents.

The balance of communication resources is measured through the variance of
received bit rates across agents. Specifically, the communication imbalance at time

step t is defined as

N

1 AR
comm __ i - 7 12

where a smaller value indicates a more even distribution of bandwidth.

Similarly, computation balance is evaluated based on the variance of CPU utiliza-
tion across agents. Let u! denote the proportion of CPU resources allocated to agent

¢ at time t. The computation imbalance is given by

2
comp 1 = % 1 - J

This term penalizes excessive concentration of computation resources on a subset of

users and promotes load balancing at the edge server.

Combining the above components, the overall reward at time step ¢ is defined as
re = w1 Q — w VM — wg ViEOrP (5.14)

where wy, wo, and ws are non-negative weighting coefficients that balance percep-
tual quality against fairness and efficiency considerations. The variance terms are

subtracted to ensure that higher imbalance leads to lower reward.

Given the state space, action space, and reward function defined above, the ob-
jective of the cooperative multi-agent system is to learn an optimal joint policy 7*
that maximizes the expected cumulative return. Formally, the optimization problem

is expressed as

™ = argmax E,
s

Z 7k7“t+k+1] ) (5.15)

k=0

where v € (0, 1] is the discount factor.
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To facilitate policy optimization, we define the state value function
V™(s) =E, G| sy = s8], (5.16)
and the state-action value function
Q"(s,a) =E. G| s; = s,a; = a] (5.17)
which characterize the expected return under policy 7.

In principle, Dec-POMDPs can be addressed using either model-based or model-
free reinforcement learning approaches. Model-based methods require explicit knowl-
edge or estimation of the transition dynamics P(syy1 | St, @), which is infeasible in
the metaverse due to high-dimensional continuous states, heterogeneous user behav-
ior, and stochastic network conditions. Consequently, this work adopts a model-free
reinforcement learning approach, which directly learns policies and value functions
through interaction with the environment. The continuous action space and cooper-
ative structure of the problem naturally motivate the use of actor-critic algorithms,

which are introduced in the following section.

5.2 Multi-Agent Soft Actor-Critic with Graph Con-

volutional Networks

Soft Actor-Critic (SAC) is a model-free deep reinforcement learning algorithm that
extends the classical actor-critic framework by explicitly incorporating an entropy
maximization objective [79]. By jointly optimizing the expected cumulative reward
and the stochasticity of the policy, SAC encourages sustained exploration and miti-
gates premature convergence to suboptimal solutions. These properties are particu-
larly desirable in metaverse environments, where network conditions, user behavior,
and computational workloads exhibit high variability and non-stationarity. In this
section, we extend SAC to a cooperative multi-agent setting and further integrate
graph convolutional networks to address the structural dependencies among agents.

The resulting approach is referred to as SAC-GCN.
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5.2.1 Multi-Agent Soft Actor-Critic

The objective of SAC-GCN is to learn a set of decentralized policies, one for each
agent, such that their joint behavior maximizes the expected long-term return while
maintaining sufficient exploration through entropy regularization. Formally, the op-
timization problem is defined as

r* = argmax B | 4" (rews + aH(mw (- | si0)) | (5.18)
k=0

where H(w(- | 8;)) = Eq|—logm(a | s;)] denotes the entropy of the joint policy at
state s;, and « is a temperature parameter that controls the trade-off between reward

maximization and exploration.

To incorporate entropy into value estimation, SAC defines a soft state-action value
function that augments the conventional return with an entropy term. Specifically,
the soft Q-function is given by

Qs,a) = B, |V (sin) +a S H(x(- | s0))

S;=s8,a; = a] , (5.19)
and the corresponding soft state value function is defined as

V(8) = Equr(ls) [Q(s,a) —alogm(a | s)]. (5.20)

To extend SAC to a cooperative multi-agent setting, we adopt the centralized
training and decentralized execution paradigm. During training, each agent is equipped
with a centralized critic that has access to the global state and joint actions, enabling
effective coordination and credit assignment. During execution, however, each agent
relies solely on its local observation and learned policy, thereby preserving decentral-

ization and scalability.

Each agent ¢ maintains two soft Q-networks parameterized by ¢| and ¢}, together
with corresponding target networks g_zﬁzl and q_b;, in order to mitigate positive bias in
value estimation and stabilize learning [$0]. The target networks are updated via soft

updates according to

O T+ (1=1)8y, =12, (5.21)
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where 7 € (0, 1] denotes the update rate.

The policy of agent i is parameterized by ¢, and the joint policy is denoted by
0 = (0,...,0"). Since execution is decentralized, the joint policy factorizes over

agents as
ola; | s¢) me at | o). (5.22)

Policy optimization is performed by maximizing the expected soft state-action

value while penalizing low-entropy actions. For each agent ¢, the policy objective is
max Eaore |Qo(8t,ar) — alogmgi(a; | 0))] . (5.23)

To enable gradient-based optimization, we apply the reparameterization trick and

express actions as deterministic functions of Gaussian noise,
a: = tanh (,ngi(Oi) + i (0}) ® 52) , &~ N(0,1), (5.24)

where pg: and oy denote the mean and standard deviation outputs of the policy

network.

The resulting policy loss for agent ¢ is given by
0 = B [miy Qs (513 — alogmaal | )] . (5:29)
where a; = (a},...,al) and B denotes the replay buffer.
The critic networks are updated by minimizing the temporal-difference loss
JQ(Qbil,z) = E(s;,5011)~B {(Qw (st,a¢) — y’) 2] , (5.26)

where the target value 1/ is computed as
Y =71+ (mln Q¢ (8141, Q1) — alog mgi(ay, ;| 0t+1)) (5.27)

Through entropy-regularized policy optimization and centralized value estimation,
the proposed multi-agent SAC framework enables robust and adaptive coordination
under continuous state and action spaces. In the following subsection, we further en-
hance this framework by introducing graph convolutional networks to explicitly model

inter-agent dependencies and improve scalability in dense metaverse environments.
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5.2.2 Graph Convolutional Networks

In the proposed SAC-GCN framework, each agent is equipped with a centralized
critic that has access to the global state and joint actions during training. While this
centralized information is beneficial for coordination and credit assignment, naively
concatenating observations and actions from all agents leads to scalability issues as
the number of agents increases. Such an approach may introduce redundant infor-
mation, hinder generalization, and obscure meaningful inter-agent dependencies. To
address these limitations, we incorporate graph convolutional networks into the critic
architecture to explicitly model structured interactions among agents in the meta-

verse.

We abstract the edge computing-enabled metaverse as an undirected interaction
graph G = (V, &), where each node v; € V corresponds to an individual agent, and
each edge e;; € & represents a potential interaction between agent 7 and agent j.
These interactions arise from shared communication links, competition for computa-
tion resources, spatial proximity in virtual environments, or correlated user behaviors.
By representing the system as a graph, inter-agent dependencies can be localized and
exploited in a principled manner, rather than being implicitly learned from unstruc-

tured global inputs.

Each node in the graph is associated with a feature vector derived from the agent’s
local observation and recent action information, as defined in Section 5.1.3. These raw
features encode both communication-related and computation-related signals that are
relevant to resource allocation decisions. To project heterogeneous observations into
a common latent space, an encoder network with shared parameters is applied to
all agents. This encoder produces a fixed-dimensional embedding that captures the
essential local state of each agent while enabling parameter sharing and improved

generalization.

Following the encoding stage, a graph convolutional layer performs neighborhood

aggregation based on the interaction graph. For a given agent i, its latent representa-

75



tion is updated by combining its own encoded features with those of its neighboring
agents. This localized message-passing process allows the critic to incorporate con-
textual information from agents that are structurally related, while avoiding the noise
introduced by distant or weakly related agents. Such a design is well aligned with
metaverse environments, where resource contention and performance coupling are

often spatially or topologically localized.

Formally, let F' € RV*? denote the matrix of encoded features for all agents,
where N is the number of agents and d is the embedding dimension. The adjacency
matrix A € RV*N specifies the topology of the interaction graph. For each agent 1,
a subgraph-specific adjacency matrix A? is constructed to include agent i and its im-
mediate neighbors. The ordering of rows in A’ ensures that the first row corresponds
to agent i, followed by its neighbors. This construction enables each critic to focus

on the most relevant subset of agents while preserving a consistent input structure.

The aggregated representation used by the critic of agent ¢ is then computed as
H' = GCN(A'F), (5.28)

where the GCN operation propagates and transforms information along graph edges
to produce a joint embedding that captures spatially correlated interactions. This
embedding serves as the input to the centralized Q-network of agent i. To further
enhance representational flexibility, the aggregation process is augmented with a self-
attention mechanism, which adaptively weights neighboring agents according to their

contextual relevance. The attention mechanism is detailed in the following subsection.

Figure 5.1 illustrates the overall architecture of SAC-GCN. Each critic consists of
an encoder that transforms raw observations into latent embeddings, a graph convo-
lutional module that aggregates information from connected agents, and a centralized
Q-network that estimates soft state-action values based on the aggregated represen-
tation. During execution, only the decentralized actor is used, and decisions are made

solely based on local observations.

By embedding graph convolutional networks within the centralized critic, the
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Centralized Training

Figure 5.1: Neural network architecture of SAC-GCN. EL and CL denote the encoder
layer and the graph convolutional layer, respectively. During training, each agent is
equipped with a centralized critic that processes joint states and actions, while during
execution, a decentralized actor selects actions based solely on local observations.
Graph convolutional networks with multi-head attention are employed to generate

the final inputs to the critic.
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proposed approach achieves scalable coordination, improved credit assignment, and
stronger generalization in dense multi-agent environments. Moreover, this modular
architecture naturally accommodates dynamic interaction patterns and partial ob-
servability, both of which are fundamental characteristics of large-scale metaverse

systems.

5.2.3 Self-Attention Mechanism

While graph convolutional networks enable localized information aggregation based
on the interaction topology, they implicitly assume that all neighboring agents con-
tribute equally to the representation of a target agent. In metaverse environments,
this assumption is often violated. The impact of one agent’s action on another can
vary significantly depending on shared network links, contention for computation re-
sources, or spatial proximity within a virtual scene. To capture such heterogeneous
inter-agent influences, we further integrate a self-attention mechanism into the graph

convolutional layer of the centralized critic.

The core idea of the self-attention mechanism is to allow each agent to adap-
tively weight the contributions of its neighboring agents when aggregating features.
This enables the critic to focus on the most influential neighbors while suppressing
irrelevant or weakly coupled interactions. Such selective aggregation is particularly
important in resource allocation problems, where actions taken by one user, such as
increasing transmission bit rate, may strongly affect a subset of nearby users but have

negligible impact on others.

The self-attention mechanism operates on the latent feature embeddings produced
by the shared encoder. For a target agent i with encoded feature vector €, a query

representation is first constructed as
Q= W,e, (5.29)
where W, is a learnable projection matrix. For each neighboring agent j, its encoded
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Algorithm 5.1 SAC-GCN

1: Initialize two soft Q-networks with parameters ¢!, ¢} and a policy network with

parameters 0°, for each agent i
2: Initialize two target networks with ¢i < ¢t and ¢} < ¢, for each agent i
3: for episode e =1,2,... do
4:  for time step t = 1,2,...,T do

5: Obtain the original observation o} for each agent and current global state s;
6: for each agent ¢ do

7: Take an action @ generated by Eq. 5.24

8: Receive shared reward r; and observe o},

9: end for

10: Obtain joint action a;, and next global state s;;

11: Store the tuple sample (s¢, @, 74, S¢11) into the replay buffer B

12: for each agent ¢ do

13: Get a random batch of samples from B

14: Apply attention mechanism (Eq. 5.33) to get the inputs of each critic h,

and h; 1 based on global states s; and s;41

15: Update Q-networks by minimizing the loss function (Eq. 5.26) with s,
replaced by h; and sy, replaced by h;yq

16: Update policy networks by maximizing the target function (Eq. 5.25) with
s; replaced by hy

17: Update target Q-networks by Eq. 5.21

18: end for

19:  end for

20: end for
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feature e’ is projected into a key vector and a value vector according to
K =Wyel!, VI=W,e, (5.30)
where W, and W, are also learnable parameters shared across agents.

The relevance between the target agent and each neighbor is quantified using

cosine similarity between the query and key representations,

, Q - K
S(Q,K)= —————. (5.31)
QI - 17
These similarity scores are normalized through a softmax operation to produce at-

tention weights,

i __exp(S(Q,K))
S en(S(@Q K .

which reflect the relative importance of each neighboring agent to the target agent.

The final attention output is obtained as a weighted aggregation of value vectors,

Attention(Q, K, V) = Z AR (5.33)
J

To further enhance representational capacity, we adopt a multi-head attention
mechanism, where multiple sets of projection matrices are used to compute attention
in parallel. Each attention head captures a distinct pattern of inter-agent dependency,
and the resulting outputs are concatenated to form a comprehensive neighborhood
representation. This design allows the centralized critic to model diverse interac-
tion modalities, such as competition for bandwidth and contention for computation

resources, within a unified framework.

By integrating self-attention into the graph convolutional layer, the centralized
critic gains the ability to dynamically prioritize critical neighbors and perform more
accurate value estimation under complex interaction patterns. This attention-enhanced
aggregation improves coordination among agents, accelerates convergence during train-

ing, and enhances generalization to varying network and workload conditions.

A complete description of the SAC-GCN algorithm, including graph-based ag-
gregation, multi-head self-attention, and actor-critic updates, is provided in Algo-

rithm 5.1. At each training iteration, transitions are sampled from the replay buffer
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B, and the centralized critic computes aggregated representations using the atten-
tion mechanism defined in Eq. 5.33. Network parameters are then updated following
the centralized training and decentralized execution paradigm. After training, only
decentralized actors are retained for execution, and each agent selects actions solely
based on its local observation. As a result, the deployment of SAC-GCN introduces
no additional communication overhead or inference latency, making it well suited for

real-time resource allocation in latency-sensitive metaverse environments.

5.3 Experiment and Analysis

This section presents a comprehensive experimental evaluation of the proposed SAC-
GCN framework for dynamic and intelligent resource allocation in metaverse environ-
ments. The objective is to assess the framework’s ability to jointly manage communi-
cation and computation resources under realistic and time-varying conditions, and to
quantify its effectiveness in improving user-perceived QoE. Rather than focusing on
a synthetic benchmark, the evaluation is conducted on a system-level prototype that

integrates real-time rendering, network streaming, and adaptive control mechanisms.

5.3.1 System Setup

To evaluate the proposed framework in a realistic metaverse setting, we implement
an end-to-end experimental platform that integrates immersive rendering, real-time
communication, and adaptive resource control. The hardware infrastructure consists
of a high-performance desktop workstation running Windows 10, equipped with an
Intel Core 19-11900F CPU, 64 GB of RAM, and an NVIDIA GeForce RTX 3090 GPU.
This configuration provides sufficient computational capacity to support concurrent

rendering tasks and fine-grained resource management for multiple users.

The metaverse environment is developed using Unreal Engine, a widely adopted

real-time 3D rendering platform. Multiple Unreal Engine instances are launched
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concurrently on the rendering server, with each instance generating an independent
viewpoint for an individual user. The server is connected via Ethernet to a TP-
Link TL-WR1043ND Wi-Fi router to ensure stable upstream connectivity. Rendered
video streams are delivered to Meta Quest 2 headsets using the Unreal Pixel Streaming
framework, which is built on WebRTC to support low-latency and high-fidelity media

transmission [31].

Within the WebRTC-based streaming pipeline, user interaction signals and mo-
tion data are transmitted upstream as low-bandwidth control flows, whereas high-
resolution rendered frames are transmitted downstream as bandwidth-intensive video
flows. This asymmetric traffic pattern is characteristic of XR streaming systems. To
enable adaptive control, two resource management modules are deployed, namely an
adaptive bit rate server and an adaptive CPU usage server. These modules commu-
nicate with Unreal Engine instances via Socket.IO, enabling real-time bidirectional
signaling. The ABR server adjusts the target transmission bit rate based on net-
work feedback, including round-trip latency, jitter, and packet loss. In parallel, the
ACU server regulates CPU consumption using the BES process governor to throttle

rendering workloads at the per-instance level.

To emulate diverse network conditions, we employ Clumsy, a network emulation
tool that allows controlled manipulation of latency, bandwidth, and packet loss. This
setup enables systematic evaluation under both favorable and adverse networking
scenarios. The default streaming configuration includes a total downlink bandwidth of
300 Mbps, an average latency of 20 ms, a packet loss rate of 0.5%, a video resolution of
2048 x 1080, a target frame rate of 60 fps, and an upper bound of 80% CPU utilization
for rendering tasks. To assess adaptability, key system parameters are varied over
wide ranges, including network delay, packet loss rate, available bandwidth, and CPU

capacity.

Table 5.1 summarizes a set of representative network scenarios used throughout

the experiments, covering both stable and highly dynamic conditions.
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5.3.2 Parameter Optimization of the QoE Model

To calibrate the penalty coefficients («, 5,7, 9) in the proposed QoE formulation in
Eq. 5.10, and to validate its consistency with subjective user perception, we conduct
a controlled user study involving eight volunteers. The purpose of this study is to es-
tablish a quantitative mapping between system-level metrics and perceived immersive

quality under realistic metaverse workloads.

Table 5.1: Representative Network Conditions for Metaverse Applications

Scenario | Bandwidth | Latency | Jitter | Packet Loss | Burst Loss
S1 100-200 10-30 2-5 0.1 0

52 50-100 30-50 5-10 0.5 0.5

S3 20-80 50-100 | 10-20 1 1

S4 200-500 5-10 1-3 0.1 0

S5 100—30 | 50—100 | 5—20 0.5—5 10

S6 30—100 | 100—20 | 20—5 2—0.5 5

Six representative streaming scenarios are designed to capture diverse deployment
conditions, including stable high-performance rendering, home Wi-Fi streaming, mo-
bile network access, edge-assisted rendering, congestion-induced degradation, and
post-degradation recovery. The detailed network characteristics of these scenarios
are summarized in Table 5.1. Each participant experiences every scenario during a
fixed 5-minute session using a VR headset and subsequently rates their experience

using a Mean Opinion Score on a five-point Likert scale.

To reduce subjective bias and day-specific effects, each participant repeats all six
scenarios four times on different days, resulting in 192 total evaluations. MOS scores
are averaged across repetitions and participants to obtain a stable reference QoE
value for each scenario. A grid search procedure is then applied to identify the set of
coefficients that minimizes the root mean square error between predicted QoE values

and averaged MOS scores. The resulting optimal coefficients are « = 1.0, § = 0.3,
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v=0.4,and § =0.2.

With these parameters, the QoE model achieves a coefficient of determination of
R? = 0.92, indicating strong agreement with subjective user assessments. A sensi-
tivity analysis further confirms robustness, with an average RMSE variation of 5.2%
under independent £20% perturbations of each coefficient. These results demon-
strate that the proposed QoE model is both accurate and stable, making it suitable

for integration into adaptive resource allocation algorithms.

5.3.3 Evaluation Baselines

To benchmark the effectiveness of SAC-GCN, we compare it against several represen-
tative baseline methods that span different algorithmic paradigms, including classical

congestion control and reinforcement learning-based approaches.

e Deep Q-Network (DQN): A value-based reinforcement learning method that
approximates Q-functions using deep neural networks [32]. DQN is treated as

a single-agent baseline without explicit multi-agent coordination.

e Independent Soft Actor-Critic (ISAC): A decentralized variant in which each
agent independently learns a SAC policy while treating other agents as part of
the environment. ISAC is simple and scalable but suffers from non-stationarity

in cooperative settings.

e Google Congestion Control with Greedy Computation (GCC-G): A WebRTC-
native congestion control algorithm that adapts transmission rates based on

delay and loss signals [$3], combined with unrestricted CPU usage.

e Bottleneck Bandwidth and Round-trip Time with Greedy Computation (BBR-
G): A model-based congestion control protocol that estimates bottleneck band-

width and minimum RT'T, paired with unregulated computation resource usage.
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These baselines collectively represent state-of-the-art industrial solutions and widely
used reinforcement learning approaches. The comparative analysis highlights the ben-
efits of integrating cooperative learning, structured representation, and joint communication-

computation control in complex metaverse environments.

5.3.4 Offline Training

As discussed earlier, each agent in the SAC-GCN architecture, illustrated in Fig. 5.1,
is equipped with a composite neural network structure consisting of two encoder lay-
ers and a graph convolutional layer, in addition to its actor and critic networks. This
modular design enables effective feature abstraction from local observations while sup-
porting structured information exchange among neighboring agents. Both the actor
and soft Q-networks adopt a standard feedforward architecture composed of an input
layer, two fully connected hidden layers with ReLLU activation, and an output layer.
Such a configuration provides sufficient expressive capacity for modeling policies and

value functions in continuous and high-dimensional action spaces.

For reproducibility and fair comparison, all reinforcement learning baselines, in-
cluding SAC-GCN, ISAC, and DQN, are implemented using identical network ar-
chitectures wherever applicable and share the same set of hyperparameters. A de-
tailed summary of these configurations is provided in Table 5.2. Unlike episodic tasks
with clearly defined terminal states, metaverse interactions are continuous and open-
ended. To enable stable training and consistent evaluation, we empirically define
a fixed temporal window of 40 seconds as one episode. Agents make decisions at
1-second intervals, resulting in 40 decision steps per episode. This design reflects
time-constrained streaming workloads while preserving sufficient temporal resolution

for adaptive control.

All learning-based methods are trained over multiple episodes under diverse net-
work conditions and rendering workloads, as described in Section 5.3. This training

protocol exposes each algorithm to a wide range of environmental dynamics and pre-
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Table 5.2: Parameter Specifications in the Experiments

Parameters Value

Optimizer Adam
Number of neurons in hidden layer 128
Reward discount factor 0.99
Replay buffer size 5000

Learning rate for updating Q-networks 0.0001

Learning rate for updating policy network | 0.0005

Batch size 64

Coefficient for updating target Q-networks | 0.01

Entropy temperature parameter 0.2

Metaverse scene satisfaction level factor 1
Choppiness penalty factor 0.2
Latency penalty factor 0.05
Instability penalty factor 0.5

Overall QoE factor 2
Communication resource balancing factor -0.6
Computation resource balancing factor -0.6

Number of users in the metaverse 5
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vents overfitting to static configurations. Fig. 5.2 presents the cumulative reward
trajectories of the three reinforcement learning approaches during offline training. At
early stages, all methods exhibit similarly low reward levels, which is expected given
the lack of prior experience and the high degree of uncertainty in joint resource allo-
cation. DQN, in particular, shows slower initial progress due to its reliance on value

estimation without explicit exploration incentives.

As training proceeds, SAC-GCN and ISAC demonstrate markedly faster reward
growth than DQN. This improvement is primarily attributed to the entropy-regularized
exploration mechanism in SAC, which encourages diverse action sampling and miti-
gates premature convergence. In contrast, DQN employs deterministic action selec-
tion and struggles to explore effectively in a continuous and stochastic action space.
More importantly, SAC-GCN consistently outperforms ISAC in the later stages of
training. This advantage arises from the centralized training and decentralized exe-
cution paradigm adopted by SAC-GCN. The centralized critic exploits global, graph-
structured information to guide policy updates, while the GCN layers enable agents to
leverage contextual features from neighboring users. ISAC, by treating other agents
as part of the environment, lacks explicit mechanisms for inter-agent reasoning and
suffers from suboptimal credit assignment. By the end of training, SAC-GCN achieves
the highest cumulative reward among all methods, indicating its superior ability to
learn cooperative, robust, and generalizable policies for dynamic metaverse environ-

ments.

5.3.5 Overall User Quality of Experience Analysis

We first examine the effectiveness of each resource allocation strategy in enhancing
overall user QoE under varying network delay conditions, as shown in Fig. 5.3(a).
The delay in this experiment is artificially introduced prior to transmission and
does not include inherent propagation or queuing delays. Across all methods, QoE

consistently declines as delay increases, with particularly sharp degradation under
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high-delay regimes. This behavior is primarily driven by increased motion-to-photon
latency, which amplifies visual inconsistency and induces user discomfort, a phe-

nomenon widely observed in immersive XR systems.

—— SAC-GCN
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Figure 5.2: Cumulative reward versus episode (40s per episode) for different DRL

methods during the offline training process.

Among all methods, SAC-GCN exhibits the strongest resilience to increasing de-
lay. By leveraging attention-enhanced graph convolution, agents can selectively pri-
oritize information from neighbors experiencing elevated latency and cooperatively
adjust bit rate decisions. At a delay of 100 ms, SAC-GCN improves overall QoE by
27%, 37%, 63%, and 64% compared with ISAC, DQN, GCC-G, and BBR-G, respec-
tively. These gains highlight the effectiveness of context-aware coordination enabled

by structured inter-agent modeling.

The impact of packet loss on QoE is illustrated in Fig. 5.3(b). As packet loss
increases, all methods experience performance degradation due to increased frame
drops and playback instability. BBR-~G is particularly vulnerable under lossy condi-
tions, showing pronounced QoE deterioration as loss rates exceed 2%. In contrast,
SAC-GCN maintains consistently higher QoE across all loss levels. This robustness
stems from its ability to infer shared congestion patterns through neighbor-aware

aggregation, enabling proactive bit rate adaptation and improved temporal stability.
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Figure 5.3: Overall QoE score comparison of five resource allocation methods under

different network and system conditions.

Fig. 5.3(c) evaluates QoE under varying bandwidth availability. When bandwidth
is severely constrained, all methods suffer from significant QoE loss due to insufficient
transmission capacity. Under extreme scarcity, ISAC marginally outperforms SAC-
GCN, as its fully decentralized operation avoids coordination overhead. However, as
bandwidth increases, the advantages of SAC-GCN become increasingly evident. With
sufficient resources, SAC-GCN achieves near-optimal QoE and consistently outper-
forms all baselines, confirming that structured coordination is most beneficial when

communication constraints are moderate rather than extreme.

5.3.6 Resource Allocation Balancing Analysis

We next assess fairness in resource allocation by examining the variance of com-
munication and computation resources across users. Lower variance indicates more

balanced and equitable allocation.
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Figure 5.4: Comparison of resource allocation balancing under different settings.

For communication resources, Fig. 5.4(a) shows that variance decreases as total
bandwidth increases across all methods. SAC-GCN consistently achieves the lowest
variance, reflecting its ability to redistribute bandwidth equitably through centralized
learning and attention-based neighbor modeling. DQN also benefits from centralized
value estimation, whereas ISAC, GCC-G, and BBR-G exhibit higher variance due to

their decentralized or greedy nature.
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For computation resources, similar trends are observed in Fig. 5.4(b). Under
constrained CPU availability, methods lacking coordination allow certain users to
monopolize resources. SAC-GCN and DQN demonstrate superior balancing perfor-
mance, while GCC-G and BBR-G show persistent imbalance due to unrestricted
CPU usage. SAC-GCN’s graph-based critic further improves fairness by explicitly

modeling inter-agent computation contention.

5.3.7 Resource Utilization Rate Analysis

Finally, we evaluate resource utilization efficiency. Fig. 5.5(a) reports communica-
tion utilization under varying bandwidth conditions. While utilization is unstable
under severe constraints, SAC-GCN consistently achieves equal or higher utilization
as resources become sufficient. At 200 Mbps, SAC-GCN improves utilization by 10%,
15%, 32%, and 41% over ISAC, DQN, GCC-G, and BBR-G, respectively.

Fig. 5.5(b) illustrates computation utilization under varying CPU capacity. Greedy
methods achieve high utilization under constrained conditions but at the cost of severe
imbalance. SAC-GCN achieves a more desirable trade-off, maintaining high utiliza-
tion while preserving fairness. At 60% CPU availability, SAC-GCN outperforms ISAC
and DQN by 8% and 12%, respectively.

Overall, these results demonstrate that SAC-GCN achieves a balanced combina-
tion of high QoE, equitable resource allocation, and efficient utilization, validating its

suitability for real-time, multi-user metaverse environments.
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Figure 5.5: Comparison of the five resource allocation methods in terms of resource

utilization rates.

5.3.8 Discussion

The experimental results presented above provide several important insights into the
effectiveness of deep reinforcement learning based approaches for resource allocation

in metaverse environments, as well as the design principles that underpin the proposed
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SAC-GCN framework.

First, the consistent superiority of DRL-based methods over conventional conges-
tion control mechanisms highlights the fundamental limitations of rule-based adapta-
tion in complex, multi-user metaverse systems. Traditional congestion control algo-
rithms such as GCC and BBR operate on reactive heuristics that respond to isolated
network signals, without explicit consideration of user-level experience or system-wide
objectives. As a result, their performance degrades rapidly under adverse conditions
such as high latency or packet loss. In contrast, DRL agents learn policies through
continuous interaction with the environment and directly optimize a reward function
aligned with user-perceived QoE. This learning-based paradigm enables proactive and
fine-grained adjustment of both communication and computation resources, allowing
the system to adapt more effectively to non-stationary and heterogeneous operating

conditions.

Second, the performance gap between ISAC and SAC-GCN underscores the im-
portance of explicit coordination in multi-agent resource allocation. Although both
methods are based on entropy-regularized reinforcement learning, ISAC relies entirely
on decentralized learning and treats other agents as part of a non-stationary environ-
ment. This independence assumption limits its ability to capture inter-agent depen-
dencies and often leads to inefficient resource sharing and large allocation variance
under system stress. SAC-GCN, by contrast, adopts a centralized training and de-
centralized execution paradigm, enabling agents to exploit global information during
learning while preserving scalability at runtime. This structure significantly improves

credit assignment and aligns local decision-making with system-level objectives.

Third, the integration of graph convolutional networks and self-attention mech-
anisms plays a critical role in enhancing coordination efficiency. The graph-based
abstraction allows the centralized critic to explicitly model structural relationships
among agents, such as shared bandwidth links or computation contention, rather
than implicitly inferring these dependencies from unstructured global inputs. The

self-attention mechanism further refines this process by enabling the critic to priori-
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tize influential neighbors based on contextual relevance. Together, these components
allow SAC-GCN to focus learning capacity on the most impactful interactions, result-

ing in more balanced resource allocation and improved robustness without sacrificing

overall QoE.

Taken together, these findings suggest that effective resource allocation in meta-
verse environments requires not only learning-based adaptation, but also architectural
designs that explicitly encode inter-agent structure and coordination mechanisms.
The proposed SAC-GCN framework demonstrates that combining centralized learn-
ing, graph-based representation, and attention-driven aggregation provides a princi-
pled and scalable solution for managing communication and computation resources

in large-scale, agentic metaverse systems.

5.4 Limitations

Although this chapter demonstrates the effectiveness of the proposed SAC-GCN
framework for adaptive resource allocation in metaverse environments, several limi-

tations should be acknowledged.

First, the experimental evaluation is conducted on a specific prototype system
with a limited deployment scale. The testbed is built using Unreal Engine, WebRTC-
based Pixel Streaming, Meta Quest 2 headsets, and a single rendering server equipped
with an NVIDIA RTX 3090 GPU. This platform provides a realistic basis for study-
ing multi-user metaverse streaming and edge-side resource allocation. However, the
experimental setting still differs from a large-scale practical edge-cloud deployment.
The number of users is limited, and all rendering tasks are managed within a con-
trolled server environment rather than across multiple geographically distributed edge
nodes. In real metaverse systems, users may connect through heterogeneous access
networks, move across edge regions, and share infrastructure with many other services.
These factors may introduce additional challenges such as inter-edge handover, het-

erogeneous server capacity, cross-region scheduling, and large-scale GPU contention.
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Therefore, although the results validate the feasibility of SAC-GCN in a prototype en-
vironment, further experiments under larger-scale and more heterogeneous edge-cloud

deployments are needed to confirm its practical generality.

Second, the QoE model and reward function rely on simplified and fixed repre-
sentations of user experience. In this chapter, the reward function jointly considers
visual quality, frame smoothness, latency, quality stability, and resource balancing.
The QoE coefficients are calibrated through a user study involving eight participants
under six representative network scenarios. This design provides an empirical basis for
aligning system-level metrics with subjective perception. However, user experience in
immersive metaverse applications is highly individual and context-dependent. Differ-
ent users may have different sensitivity to latency, visual quality fluctuation, motion
sickness, interaction delay, and rendering artifacts. In addition, the MOS-based study
mainly captures short-term perceived quality, while long-term fatigue, cybersickness,
task success, and social interaction quality are not fully modeled. The fixed reward
weights may therefore be insufficient to represent personalized QoE preferences or
diverse application requirements. Future work should incorporate larger-scale user
studies, personalized QoE modeling, and adaptive reward mechanisms that can bet-

ter reflect heterogeneous user perception.

Third, the reinforcement learning process is mainly based on offline training under
controlled and emulated network conditions. The use of Clumsy enables systematic
manipulation of latency, bandwidth, and packet loss, which is useful for comparing
different algorithms under repeatable scenarios. However, real metaverse networks are
often more complex and non-stationary. Network conditions may change abruptly due
to user mobility, wireless interference, server-side congestion, and competing back-
ground traffic. In such environments, a policy trained offline may encounter unseen
states or workload patterns that differ from the training distribution. Moreover, on-
line exploration in real XR systems may negatively affect user experience if agents
select unstable or unsafe resource allocation actions during learning. Therefore, future

work should investigate safer and more adaptive learning strategies, such as offline-to-
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online fine-tuning, constrained reinforcement learning, transfer learning, and robust

policy adaptation under real-world network dynamics.

Fourth, the coordination mechanism of SAC-GCN depends on the selected graph
structure, observation features, and centralized training design. The proposed method
uses graph convolutional networks and self-attention to model inter-agent dependen-
cies and improve cooperative resource allocation. This design is effective for capturing
structured relationships among users, such as shared bandwidth links, computation
contention, or spatial proximity. However, the construction of the interaction graph
may strongly influence the learned policy. If the graph fails to accurately represent ac-
tual resource coupling among users, the critic may aggregate irrelevant information or
ignore important dependencies. In addition, centralized critics require access to global
state information during training, which may introduce scalability, synchronization,
and privacy challenges as the number of users increases. Although decentralized exe-
cution avoids additional runtime communication overhead, training large-scale agent
populations with dynamic graph structures remains challenging. Future work should
explore adaptive graph construction, privacy-preserving training, and scalable multi-

agent learning methods for larger and more dynamic metaverse systems.
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Chapter 6

Multimodal Benchmarking for Meta-

verse Scene Understanding

6.1 Metaverse Understanding Dataset Construc-
tion

To systematically assess the scene understanding performance of Multimodal Large
Language Models (MLLMs) within metaverse settings, this study develops a purpose-
built dataset tailored to the perceptual and semantic characteristics of immersive
virtual environments. Unlike conventional image benchmarks derived from natu-
ral scenes or web images, metaverse environments exhibit synthetic visual patterns,
complex spatial layouts, persistent digital objects, and continuous human avatar in-
teractions. These properties necessitate a dedicated dataset that faithfully reflects

the structural, interactive, and dynamic features of metaverse scenes.

The dataset is constructed based on real metaverse applications, such as Roblox,
Minecraft, and VRChat. The selected environment represents a prototypical urban
public space and integrates a rich combination of visual and semantic elements. Static
components include pedestrian walkways, open plazas, architectural structures, street
furniture, signage, and diverse vegetation types. These elements form heterogeneous
spatial configurations with varying depth, occlusion relationships, and geometric com-

plexity. In addition to static infrastructure, the environment incorporates dynamic
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entities such as human avatars, service robots, bicycles, and vehicles, enabling the ob-
servation of motion patterns, social interactions, and multi-agent coexistence within
shared spaces. The coexistence of static and dynamic elements creates a visually
dense and semantically layered scene that is well suited for evaluating advanced scene

understanding capabilities.

Multiple avatars are concurrently instantiated and controlled to emulate common
user behaviors, including walking, stopping, group interaction, object observation,
and navigation across different regions of the environment. Camera viewpoints are
configured to mirror typical metaverse perspectives, including first-person user views,
slightly elevated over-the-shoulder views, and oblique viewpoints that arise during
navigation and interaction. These viewpoints are dynamically adjusted in response
to avatar motion and interaction context, ensuring that the collected visual data
reflect authentic metaverse observation conditions rather than static or artificially

staged perspectives.

Rendered visual data preserves high spatial resolution, accurate color representa-
tion, and fine-grained texture details, all of which are critical for evaluating object
recognition, spatial reasoning, and interaction understanding. Temporal coherence
is maintained by sampling frames from continuous rendering sequences rather than
isolated screenshots, thereby retaining realistic motion cues and contextual continuity

across adjacent frames.

From the simulated sessions, a total of 400 frames are uniformly sampled to con-
struct the final dataset. Uniform sampling is adopted to balance coverage across
different scene regions, interaction states, and motion conditions while avoiding over-
representation of visually similar frames. The selected frames span a wide range
of spatial layouts, including open areas, narrow pathways, and densely populated
regions. They also capture diverse object configurations, varying degrees of crowd
density, and multiple stages of agent interaction, such as approaching, engaging, and
dispersing. Motion states range from static standing postures to complex multi-agent

movement patterns, providing rich visual evidence for evaluating temporal and rela-
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tional reasoning.

The resulting dataset offers a structured yet diverse representation of metaverse
scenes that integrates geometric complexity, semantic richness, and interaction dy-
namics. By grounding data collection in realistic multi-user simulations and high-
quality rendering outputs, the dataset establishes a robust foundation for bench-

marking multimodal scene understanding models in immersive virtual environments.

6.2 Representative MLLMs

To comprehensively benchmark multimodal scene understanding in metaverse en-
vironments, this study evaluates a set of 13 representative MLLMs for generating
scene-level descriptions for each frame in the constructed dataset. The selection of
models is not intended to be exhaustive, but rather to reflect the current landscape
of multimodal modeling along two key dimensions. The first dimension concerns
practical influence and adoption, prioritizing models that are widely used in either
industrial deployments or academic research. The second dimension concerns archi-
tectural and design diversity, ensuring that the benchmark captures heterogeneous

approaches to multimodal fusion, visual encoding, and cross-modal reasoning.

Based on these considerations, the selected models are organized into three broad
categories that reflect differences in openness, scale, and design objectives. This cate-
gorization facilitates structured comparison and enables analysis of how architectural
choices and resource assumptions influence metaverse-oriented scene understanding

performance.

The first category consists of closed-source frontier models, represented by GPT-
5-mini and Gemini-2.5-Pro. These models are developed by major industrial actors
and embody the current state of proprietary multimodal systems. They typically
integrate large-scale vision encoders with powerful language backbones and benefit
from extensive pretraining on diverse multimodal corpora. As a result, they are ex-

pected to exhibit strong visual perception, robust commonsense reasoning, and fluent
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natural language generation. Their inclusion in the benchmark serves two purposes.
First, they establish an upper-bound reference for multimodal scene understanding
performance under unconstrained resource settings. Second, they provide a practical
point of comparison for evaluating the performance gap between closed-source frontier

systems and open-source alternatives in complex metaverse scenes.

The second category includes large-scale open-source multimodal models, such
as Qwen2-VL-72B and LLaVA-v1.5-13B. These models adopt high-capacity architec-
tures with tens of billions of parameters or strong visual-language alignment mech-
anisms, enabling detailed object grounding and nuanced semantic reasoning. Unlike
proprietary models, these systems are publicly accessible and reproducible, making
them particularly attractive for academic research and methodological analysis. Their
architectures typically combine pretrained vision encoders with instruction-tuned lan-
guage models and employ explicit cross-modal projection layers or attention mecha-
nisms to align visual and textual representations. By incorporating these models, the
benchmark evaluates whether open-source systems can achieve competitive scene un-
derstanding performance in immersive virtual environments while maintaining trans-

parency and reproducibility.

The third category focuses on lightweight open-source models, exemplified by
LLaVA-v1.5-7B and Yi-VL-6B. These models are designed with parameter efficiency
and deployment feasibility in mind, often targeting scenarios with limited computa-
tional resources. Although their representational capacity is lower than that of large-
scale counterparts, they offer valuable insights into the trade-offs between model size,
inference cost, and multimodal understanding quality. In the context of metaverse
applications, such models are particularly relevant for edge or near-edge deployment,
where real-time responsiveness and resource constraints are critical considerations.
Including this category enables a more nuanced assessment of how well compact
multimodal models can capture spatial structure, interactions, and environmental

semantics in visually complex scenes.

For each frame in the dataset, all selected MLLMs are tasked with generating a
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scene-level textual description. To ensure consistency and comparability, an identical
instruction prompt is used across all models. The prompt explicitly requests a holistic
interpretation of the scene, including the identification of salient objects, their spatial
relationships, observed actions or interactions, and relevant environmental attributes.
By adopting a unified prompt formulation, the evaluation minimizes confounding
effects arising from prompt engineering and focuses the comparison on intrinsic model

capabilities.

All models perform inference independently under standardized settings, with
temperature and decoding strategies fixed within each model’s recommended config-
uration. No model-specific post-processing or response filtering is applied. This con-
trolled evaluation protocol ensures that observed differences in generated descriptions
can be attributed to variations in perceptual sensitivity, spatial reasoning ability, and

semantic organization, rather than differences in prompting or inference procedures.

The inclusion of closed-source frontier models, large-scale open-source models, and
lightweight open-source models enables a balanced and informative benchmark. This
design supports both absolute performance comparison and relative analysis across
different model classes, providing a comprehensive view of current multimodal scene

understanding capabilities in metaverse environments.

6.3 MLLM Evaluation Protocol Design

Evaluating multimodal scene understanding in metaverse environments poses funda-
mental methodological challenges. Unlike conventional vision benchmarks that rely
on object-level labels or short captions, metaverse scenes are characterized by complex
spatial organization, persistent digital entities, and multi-agent interactions. Scene
descriptions are therefore inherently open-ended, making it difficult to define a single
ground-truth reference. To address these challenges, we design an evaluation pro-
tocol that emphasizes semantic completeness, relational reasoning, and interpretive

coherence, while remaining robust to linguistic variation across models.
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6.3.1 Semantic Evaluation Dimensions

We define four complementary semantic dimensions to jointly capture perceptual
accuracy and scene-level reasoning ability. These dimensions are designed to reflect
the core cognitive requirements of metaverse understanding rather than isolated visual

recognition performance.

The first dimension, object recognition, evaluates whether a model correctly iden-
tifies salient entities that are essential for interpreting the scene. This includes static
environmental components such as buildings, pathways, vegetation, and street furni-
ture, as well as dynamic agents such as avatars, vehicles, and other interactive entities.
The evaluation does not reward exhaustive listing of all visible objects. Instead, em-
phasis is placed on recognizing functionally relevant elements that contribute to the
semantic structure of the scene, such as objects that shape navigation, interaction,

or social context.

The second dimension, spatial reasoning, assesses the model’s ability to describe
meaningful spatial relationships among entities. This includes relative position, dis-
tance, orientation, and containment relationships, as well as more abstract spatial
concepts such as grouping and separation. A high-quality description should be ge-
ometrically consistent with the underlying scene layout and avoid contradictory or
physically implausible spatial claims. This dimension captures whether the model
can move beyond isolated object identification to construct a structured spatial rep-

resentation of the environment.

The third dimension, activity understanding, focuses on the recognition of ongo-
ing actions and interactions involving agents. This includes individual movements,
co-presence of multiple agents, and interactions between agents and environmental
elements. The evaluation prioritizes actions and interaction patterns that are central
to scene dynamics, such as walking trajectories, social grouping, or engagement with
shared spaces, rather than incidental or momentary motions. This dimension reflects

the ability of the model to interpret dynamic processes that unfold within the scene.
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The fourth dimension, holistic coherence, evaluates the overall integrative quality
of the generated description. This dimension captures whether the model synthe-
sizes individual observations into a coherent, plausible, and contextually grounded
scene-level interpretation. High coherence implies internal consistency across object
identification, spatial relations, and activity descriptions, as well as alignment with the
functional and social context of the environment. Descriptions that are fragmented,
internally contradictory, or contextually implausible receive lower evaluations under

this criterion.

These four dimensions provide a structured yet flexible framework for assessing
multimodal scene understanding in metaverse environments. They emphasize se-
mantic fidelity and reasoning quality while accommodating the inherent openness of

natural language descriptions.

6.3.2 Pairwise Comparison

Based on the defined semantic criteria, we adopt a pairwise comparison protocol
implemented under an MLLM-as-a-judge paradigm. For each frame in the dataset, all
candidate multimodal models are prompted with an identical instruction to generate a
holistic, scene-level description. The resulting descriptions from two candidate models
are then jointly presented to a separate judging model, GPT-5.2, which is instructed
to compare their overall scene understanding quality and select the superior output
based on the four semantic dimensions. The full judging prompt is illustrated in

Fig. 6.1.
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You are an expert evaluator for multimodal scene understanding in immersive metaverse

environments.

You will be given:

1) An image representing a metaverse scene.

2) Two candidate scene descriptions generated by two different MLLMs (Model A and
Model B).

Your task is to compare the two descriptions and determine which one demonstrates
better overall scene understanding, based on the following semantic evaluation dimen-

sions:

— Object Recognition: whether salient entities in the scene, including both static
environmental elements and dynamic agents, are correctly and clearly identified.

— Spatial Reasoning: whether relative spatial relationships (e.g., proximity, orienta-
tion, containment) are accurately inferred and described.

— Activity and Interaction Understanding: whether ongoing actions, agent be-
haviors, and interactions among entities are correctly recognized.

— Holistic Scene Coherence: whether the description forms a consistent, complete,
and plausible scene-level interpretation, rather than a collection of fragmented observa-

tions.

Please consider all four dimensions jointly and focus on the overall semantic quality of
the scene understanding. Do not favor verbosity, stylistic preferences, or speculative

details that are not grounded in the visual content.

Output only one of the following three options:
“Model A is better”

“Model B is better”

“Tie”

Do not provide explanations or additional commentary.

Figure 6.1: Prompt used for the MLLM-as-a-judge pairwise evaluation.
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Pairwise comparison is chosen over absolute scoring for several reasons. First,
open-ended scene descriptions do not admit a unique correct answer, rendering ab-
solute scores difficult to calibrate across samples and evaluators. Second, absolute
scoring schemes are prone to scale inconsistency and drift, particularly when judg-
ments are aggregated across diverse scenes. In contrast, relative judgments focus
on comparative semantic quality under identical visual inputs and task conditions,
which improves robustness and reduces evaluator bias. Prior work has shown that
such comparative evaluations yield more stable and reliable assessments for generative

multimodal tasks [34].

In our evaluation protocol, LLaVA-v1.5-13B is selected as a fixed baseline model.
All other multimodal models are compared both against this baseline and against
one another across the dataset. This design anchors relative judgments and facili-
tates consistent cross-model comparison while still allowing the emergence of a global

performance hierarchy.

6.3.3 Global Ranking with Elo Rating

While pairwise win rates provide an intuitive view of relative performance between in-
dividual model pairs, they do not directly produce a globally consistent ranking when
multiple models are involved. To address this limitation, we adopt a bootstrap-based
Elo rating framework following the methodology popularized by Chatbot Arena [35].
The Elo framework infers latent relative capability from repeated pairwise compar-
isons without requiring absolute ground-truth labels, making it well suited for open-

ended generative evaluation.

In our setting, each model participates in 100 pairwise comparisons, ensuring
sufficient comparison density for stable rating convergence. Let R; and R; denote the
current Elo ratings of models i and j, respectively. The expected probability that
model ¢ is preferred over model 7 is defined as

1

(6.1)
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After each comparison, the rating of model 7 is updated according to

where S; € {0,0.5, 1} represents the observed outcome corresponding to a loss, tie,

or win, and K controls the update step size.

By aggregating outcomes across many comparisons, the Elo framework produces
a smooth and interpretable global ranking that reflects relative scene understanding
capability across all evaluated models. Combined with the semantic evaluation di-
mensions and the pairwise judging protocol, this approach yields a principled and
scalable evaluation methodology for benchmarking multimodal scene understanding

In metaverse environments.

6.4 MLLM Evaluation Results

The pairwise comparison results for metaverse scene understanding are summarized in
Table 6.1. The overall evaluation reveals a clear and stable performance stratification
across the examined multimodal models, reflecting systematic differences in their
ability to perceive, reason about, and coherently describe complex metaverse scenes.
Both win rates and Elo scores exhibit consistent ordering, indicating that the adopted

evaluation protocol yields robust and internally consistent outcomes.

At the top tier, closed-source frontier models demonstrate a pronounced advan-
tage. Gemini-2.5-Pro achieves the strongest overall performance, with a win rate
of 0.92 and the highest Elo score of 1420. This model consistently generates de-
tailed and well-structured scene descriptions that accurately identify salient objects,
maintain spatial consistency, and integrate agent activities into a coherent narrative.
GPT-5-mini follows closely with a win rate of 0.86 and an Elo score of 1385, while
Claude-Sonnet-4.5 attains a win rate of 0.84 and an Elo score of 1368. Across the
dataset, these models exhibit superior robustness in handling visually dense scenes,

multi-agent interactions, and diverse viewpoints. Their descriptions tend to balance
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Table 6.1: Pairwise comparison results on metaverse scene understanding.

Model Win / Tie / Lose | Win Rate | Elo Score
Gemini-2.5-Pro 368 /25 /7 0.92 1420
GPT-5-mini 344 /15 / 41 0.86 1385
Claude-Sonnet-4.5 336 /21 /43 0.84 1368
Gemini-2.5-Flash 324 / 30 / 46 0.81 1342
LLaVA-v1.6-34B 312 / 35 / 53 0.78 1305
Qwen2-VL-72B 304 /49 / 47 0.76 1287
LLaVA-v1.5-13B (anchor) / 0.50 /
Gemini-1.0-Pro 176 / 51 / 173 0.44 1156
Qwen-VL-Chat 164 / 72 / 164 0.41 1232
Phi-3-Medium 152 / 77 /] 171 0.38 1108
Yi-VL-6B 140 / 93 / 167 0.35 1085
MiniGPT-v2 124 /94 / 182 0.31 1062
Cheetor 112 / 145 / 143 0.28 1095
LLaVA-v1.5-7B 104 / 118 / 178 0.26 1018

perceptual detail and semantic abstraction, avoiding both superficial enumeration

and overgeneralized interpretations.

The strong performance of these frontier models suggests that large-scale multi-
modal pretraining and advanced cross-modal reasoning mechanisms play a critical
role in metaverse scene understanding. In particular, their ability to integrate object
recognition, spatial reasoning, and activity interpretation into a unified description
contributes significantly to higher holistic coherence scores under the judging proto-

col.

Among open-source models, several high-capacity systems achieve competitive

performance. LLaVA-v1.6-34B records a win rate of 0.78 and an Elo score of 1305,
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while Qwen2-VL-72B achieves a win rate of 0.76 and an Elo score of 1287. Both
models consistently outperform the anchor model, LLaVA-v1.5-13B, which is fixed at
a win rate of 0.50. These results indicate that increased model scale and improved
visual language alignment substantially enhance the ability to reason about complex
spatial layouts and interaction patterns in metaverse environments. Although these
models still lag behind closed-source frontier systems, the performance gap is narrower
than that observed for smaller open-source alternatives, highlighting the effectiveness

of recent advances in open multimodal modeling.

Models positioned below the anchor exhibit a noticeable decline in performance.
Systems such as Gemini-1.0-Pro, Qwen-VL-Chat, and Phi-3-Medium show moderate
win rates ranging from 0.38 to 0.44, suggesting partial competence in object recog-
nition and basic spatial description, but reduced consistency in integrating these
elements into a coherent scene-level interpretation. Lightweight or earlier-generation
models, including Yi-VL-6B, MiniGPT-v2, Cheetor, and LLaVA-v1.5-7B, perform
substantially worse, with win rates below 0.35. Qualitative inspection of their outputs
reveals recurring issues such as fragmented descriptions, imprecise spatial relations,
omission of key dynamic agents, and limited understanding of multi-agent interac-
tions. These limitations become particularly pronounced in scenes with high visual

complexity or concurrent activities.

Across all evaluated models, the Spearman rank correlation between win rates
and Elo scores reaches p = 0.97, indicating a strong agreement between local pairwise
comparison outcomes and the inferred global ranking. This high correlation confirms
the internal consistency of the evaluation framework and supports the reliability of

the derived performance hierarchy.

These results demonstrate that metaverse scene understanding remains a chal-
lenging task that strongly differentiates current multimodal models. While closed-
source frontier models establish a clear upper bound in performance, recent large-scale
open-source models show promising progress toward narrowing this gap. In contrast,

lightweight models face substantial challenges in maintaining holistic coherence and
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relational reasoning under complex, open-ended metaverse scenes. These findings un-
derscore the importance of both model capacity and cross-modal reasoning design for

advancing multimodal understanding in immersive virtual environments.

6.5 MLLM Benchmark Validity and Robustness

Analysis

To examine the validity of the proposed multimodal large language model bench-
marking framework, we conduct a human validation study that uses expert judgment
as an external reference. Human evaluation is widely regarded as the most reliable
standard for assessing open-ended scene understanding tasks, particularly in settings
where no unique ground-truth description exists. By comparing automated judgments
against expert consensus, this study evaluates whether the proposed framework yields

assessments that are both meaningful and aligned with human perception.

6.5.1 Human Validation and Agreement Analysis

Three human experts with backgrounds in immersive systems, virtual environments,
and multimodal perception are invited to participate in the validation process. Each
expert independently evaluates a randomly sampled subset of 100 metaverse frames
drawn from the benchmark dataset. For each frame, experts are provided with iden-
tical visual inputs and task instructions, mirroring the conditions under which the
multimodal models and the automated judge operate. The experts assess pairwise
model outputs by selecting the description that demonstrates superior scene under-

standing based on their professional judgment.

To reduce individual subjectivity, expert judgments are aggregated using majority
voting to form a human consensus for each comparison. This consensus serves as
a reference point for evaluating the reliability of automated judgments. We then

compare the human consensus against judgments produced by GPT-5.2 under two
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distinct evaluation settings. In the first setting, GPT-5.2 operates under explicit
guidance from the proposed metaverse-specific semantic evaluation criteria, including
object recognition, spatial reasoning, activity understanding, and holistic coherence.
In the second setting, GPT-5.2 performs comparisons without access to these criteria

and relies solely on its general preference when selecting the superior description.

The results reveal a substantial difference between the two settings. When guided
by the proposed criteria, GPT-5.2 achieves an agreement rate of 87.6% with human
consensus. In contrast, when the criteria are removed, the agreement rate decreases
to 78.9%. This improvement demonstrates that the proposed criteria significantly
enhance the alignment between automated judgments and expert human evaluations.
The high agreement rate under the structured setting indicates that the judge model,
when properly guided, attains near-human reliability in comparative metaverse scene
understanding. More importantly, the observed performance gap highlights the role
of the criteria as an effective inductive structure, directing the judge to attend to
semantically salient aspects of immersive scenes rather than relying on superficial or

stylistic cues.

6.5.2 Robustness to Positional Bias

Beyond overall effectiveness, the robustness of the benchmarking framework is further
examined by explicitly addressing common sources of evaluation bias. The first and
most fundamental concern is positional bias, which refers to a systematic tendency
of an evaluator to favor responses based on their presentation order rather than their
intrinsic quality. In pairwise comparison settings, such bias may arise when the first
response benefits from primacy effects or when later responses suffer from reduced at-
tention. For example, if two answers of comparable quality are presented sequentially,
an evaluator may consistently prefer the first answer simply because it establishes an
initial reference point, even when the second answer provides more accurate or de-

tailed information. In this case, the evaluation outcome reflects presentation effects
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rather than genuine performance differences. If left unexamined, positional bias can
severely undermine the credibility of pairwise benchmarking results, as model rank-
ings may be driven by ordering artifacts instead of true semantic understanding or

reasoning ability.

To assess positional bias, we conduct paired evaluations in which, for each image
and model pair, the two candidate descriptions are presented in reversed order. The
judge model evaluates both orderings independently. Positional bias is analyzed sep-
arately for each semantic evaluation dimension, including object recognition, spatial
reasoning, activity understanding, and holistic scene coherence, as well as for the

aggregated judgment across all dimensions.

As illustrated in Fig. 6.2(a), the majority of judgments remain invariant to the
presentation order. Across all semantic dimensions and in the overall analysis, more
than 85% of comparisons yield identical outcomes after reordering. The remaining
cases are divided between preferences for the first and second positions, with both pro-
portions remaining low and closely balanced. The absence of a dominant positional
preference indicates that the judge model’s decisions are primarily driven by semantic
quality rather than answer order. These findings suggest that the proposed evalua-
tion framework exhibits strong robustness to positional bias across both individual

dimensions and holistic judgments.

6.5.3 Robustness to Length Bias

We further investigate length bias, which refers to a systematic tendency of the judge
to favor longer or more verbose responses regardless of their actual semantic accu-
racy, relevance, or usefulness. This form of bias is particularly prevalent in generative
evaluation settings, where verbosity may be mistakenly interpreted as greater infor-
mativeness or reasoning depth. For instance, when comparing two responses to the
same question, a shorter answer may deliver a precise and correct explanation, while a

longer answer elaborates extensively but includes redundant, vague, or even partially
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Figure 6.2: Bias analysis in MLLM-based pairwise evaluation: (a) positional bias

under response order permutation; (b) length bias across response length differences.
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incorrect content. If the judge consistently prefers the latter simply due to its length,
the evaluation outcome becomes skewed toward verbosity rather than quality. Such
bias can inflate the perceived performance of models that generate longer outputs,
while undervaluing concise models that produce accurate and well-focused responses,

thereby distorting comparative benchmarking results.

For each pairwise comparison, we compute the difference in response length be-
tween the two candidate descriptions and group comparisons into predefined length-
difference bins. For each bin, we analyze the probability that the longer response is
selected as superior. This analysis is conducted separately for each semantic evalua-

tion dimension and for the overall judgment, as shown in Fig. 6.2(b).

The results indicate no systematic preference for longer or shorter responses.
Across all length-difference bins, the selection probability remains centered around
0.5 and is confined within a narrow range of approximately 0.45 to 0.55. Moreover,
no monotonic trend is observed as the length difference increases. These patterns are
consistent across individual semantic dimensions and the aggregated evaluation. The
absence of length-dependent preference demonstrates that the judge model does not
equate verbosity with quality and instead bases its decisions on semantic relevance,

correctness, and coherence.

Overall, the human validation and bias analyses jointly demonstrate that the
proposed benchmarking framework is both effective and robust. The close alignment
with expert judgments, combined with strong resistance to positional and length
biases, provides empirical support for the reliability of the framework as a tool for

evaluating multimodal scene understanding in metaverse environments.

6.6 Limitations

Although this chapter proposes a multimodal benchmarking framework for evaluating

metaverse scene understanding, several limitations should be acknowledged.
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First, the constructed dataset is limited in scale, source diversity, and scene cov-
erage. The benchmark contains 400 frames sampled from representative metaverse
environments, including platforms such as Roblox, Minecraft, and VRChat. These
frames cover diverse visual elements, spatial layouts, viewpoints, and avatar inter-
actions, providing a useful foundation for evaluating metaverse-oriented scene un-
derstanding. However, the dataset is still relatively small compared with large-scale
multimodal benchmarks. It may not fully capture the diversity of metaverse environ-
ments, such as highly customized virtual worlds, industrial digital twins, educational
simulations, collaborative design spaces, and large-scale social events. In addition,
the current benchmark is mainly based on image-level scene understanding. Although
the frames are sampled from continuous rendering sequences, the evaluation does not
explicitly model long-term temporal dynamics, continuous user behavior, or evolv-
ing multi-agent interactions. Therefore, future work should expand the dataset with
more platforms, scene types, interaction patterns, and video-based samples to better

reflect the complexity of real metaverse applications.

Second, the evaluation is based on a selected group of representative MLLMs
and a controlled prompting protocol, which may limit the generality of the model
comparison. The benchmark includes closed-source frontier models, large-scale open-
source models, and lightweight open-source models, allowing a structured comparison
across different model categories. However, the selected models cannot exhaustively
represent the rapidly evolving landscape of multimodal large language models. Model
capabilities, API behaviors, and decoding strategies may change over time, especially
for closed-source systems. In addition, although the same prompt is used across
models to ensure fairness, model outputs may still be sensitive to prompt wording,
system instructions, image preprocessing, and decoding configurations. Some models
may benefit more from task-specific prompting or multi-turn reasoning, while others
may perform better under concise instructions. Therefore, the reported rankings
should be interpreted as the results under the specific model versions and evaluation

settings used in this chapter, rather than as permanent or universal conclusions about
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all MLLMs.

Third, the proposed MLLM-as-a-judge protocol improves scalability, but it still
depends on automated judgment and limited human validation. Pairwise comparison
provides a practical way to evaluate open-ended scene descriptions without requiring
a single ground-truth reference. The use of metaverse-specific semantic criteria also
improves the alignment between GPT-based judgments and human expert consensus.
Nevertheless, the judge model may still contain implicit biases or reasoning limita-
tions that are not fully captured by the positional and length bias analyses. For
example, it may favor descriptions that appear semantically rich but contain subtle
visual inaccuracies, or it may overlook fine-grained spatial errors in complex scenes.
Moreover, the human validation study is conducted with three experts on a subset of
100 frames, which provides useful evidence of reliability but may not fully represent
broader user judgments across different backgrounds and task contexts. Future work
should involve larger-scale human evaluation, multiple judge models, additional bias
tests, and task-based validation to further strengthen the reliability and practical

relevance of the benchmarking framework.

115



Chapter 7

Conclusion and Future Work

7.1 Conclusion

This dissertation explores how agentic Al can be systematically embedded into meta-
verse systems in order to overcome the inherent limitations of existing virtual plat-
forms in intelligence, adaptability, and real-time responsiveness. Traditional meta-
verse systems largely rely on pre-defined logic, reactive control, and centralized re-
source management, which constrains their ability to support persistent perception,
dynamic coordination, and scalable user interaction. By reframing the metaverse
as an agentic system composed of heterogeneous, goal-oriented Al agents, this work
provides a unified perspective that integrates architectural design, adaptive resource

allocation, and multimodal cognitive evaluation within a single coherent framework.

At the system level, this thesis proposes a unified thing—edge—cloud architecture
that organizes heterogeneous agents according to their computational characteristics,
latency sensitivity, and functional roles. Rather than treating devices, edge servers,
and cloud platforms as isolated components, the proposed architecture enables coor-
dinated perception, reasoning, and action across layers. Lightweight agents deployed
at the thing and edge layers are responsible for real-time interaction, environment
sensing, and latency-critical decision-making, while cloud-level agents provide global
reasoning, long-horizon planning, and high-level cognitive support. Central to this

architecture is an Al agent controller that performs task cognition, task decompo-
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sition, cross-layer allocation, and performance-aware re-planning. By dynamically
mapping subtasks to appropriate agents and execution layers, the controller serves as
the core orchestration mechanism that enables adaptive and scalable agentic behavior

in complex metaverse environments.

To quantitatively evaluate user experience under such a dynamic and distributed
system, this work further introduces a time-step-based QoE model specifically tailored
to metaverse applications. Unlike traditional QoE models that rely on coarse-grained
or static indicators, the proposed model captures fine-grained temporal dynamics
by incorporating real-time measures of scene quality, frame continuity, and latency
variation. These indicators are designed to reflect the perceptual sensitivity of im-
mersive users and the interactive nature of metaverse experiences. The proposed
QoE model is rigorously validated through controlled subjective Mean Opinion Score
experiments, and the results demonstrate a strong correlation between the modeled
QoE and user-perceived quality. This validation confirms the suitability of the model
as a reliable feedback signal for adaptive control and learning-based optimization in

agentic metaverse systems.

Building on the proposed QoE formulation, this thesis develops a novel adaptive
resource allocation algorithm based on SAC algorithm. To explicitly capture the
interaction structure among concurrent users, the algorithm models users as agents
embedded in a dynamic graph, where edges represent network contention and shared
resource dependencies. Graph convolutional networks are employed to extract rela-
tional features, while self-attention mechanisms enable agents to selectively focus on
the most relevant neighbors under varying network conditions. This design supports
decentralized yet coordinated decision-making, allowing each agent to adapt its al-
location strategy while implicitly accounting for the global system state. Extensive
experimental results demonstrate that the proposed SAC-GCN approach consistently
outperforms traditional congestion control methods as well as baseline deep reinforce-
ment learning algorithms across diverse network scenarios. The gains are reflected

not only in higher overall QoE, but also in improved resource utilization efficiency
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and a more balanced allocation of communication and computation resources.

Beyond system architecture and resource optimization, this dissertation addresses
the challenge of evaluating cognitive perception in metaverse environments. A metaverse-
specific scene understanding dataset is constructed based on a high-fidelity Unreal
Engine environment that captures realistic spatial layouts, dynamic agents, and in-
teraction patterns. To evaluate open-ended scene understanding, this work introduces
an MLLM-as-a-judge benchmarking paradigm guided by semantic criteria tailored to
metaverse perception, including object recognition, spatial reasoning, activity under-
standing, and holistic coherence. Through extensive pairwise comparisons and Elo-
based ranking, the benchmark provides a robust and scalable method for assessing
multimodal scene understanding without relying on rigid ground-truth annotations.
Human validation and bias analysis further demonstrate that the proposed evaluation
framework achieves near-human reliability while remaining robust to common sources

of evaluation bias.

This dissertation advances the state of the art in metaverse research by estab-
lishing an integrated agentic framework that spans system architecture, adaptive
resource allocation, and cognitive benchmarking. By combining agentic Al princi-
ples with rigorous modeling, learning-based optimization, and structured evaluation,
the work provides both theoretical insights and practical methodologies for building
intelligent, adaptive, and user-centric metaverse systems. The proposed approaches
lay a foundation for future research on large-scale agent coordination, edge-native

intelligence, and multimodal cognition in next-generation immersive environments.

7.2 Future Work

While this dissertation establishes a comprehensive foundation for agentic metaverse
systems, it also opens multiple avenues for future investigation that extend beyond the
current scope. These directions span agent cognition, system architecture, evaluation

methodology, and real-world deployment considerations, collectively pointing toward
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more autonomous, scalable, and socially embedded metaverse systems.

A first promising direction concerns the development of richer agent memory mech-
anisms and long-term learning capabilities. The agents considered in this work pri-
marily operate under episodic decision horizons and rely on short-term observations
or learned policies. Future research could integrate structured memory modules, such
as episodic memory, semantic memory, or world models, enabling agents to accumu-
late experience across extended user sessions. Such memory-enhanced agents could
support continual learning, adapt to long-term user preferences, and respond more
effectively to evolving environments. This direction is particularly relevant for per-
sistent metaverse worlds, where historical context and long-term consistency play a

critical role in user immersion and system intelligence.

A second direction involves deeper integration between cognitive reasoning and
physical simulation. Although current agentic frameworks enable perception-driven
decision-making, reasoning is often decoupled from the underlying physics and en-
vironment dynamics. Future systems could more tightly couple high-level reasoning
processes with real-time physical simulation, allowing agents to anticipate environ-
mental changes, predict user behavior, and proactively adapt the virtual world. This
tighter coupling may enable more advanced forms of embodied intelligence, where
agents not only react to the environment but also actively reshape it to optimize

interaction quality, safety, or efficiency.

Third, the evaluation framework introduced in this dissertation can be extended
along several dimensions to better reflect realistic metaverse usage. One important
extension is toward multi-turn and interactive evaluation, where models are assessed
based on their ability to maintain consistency, context awareness, and goal alignment
across sequential interactions rather than isolated frames. Additionally, incorporat-
ing multi-user collaboration scenarios would enable the evaluation of social reasoning,
coordination, and conflict resolution among agents and users. Real-time decision feed-
back, where agent actions influence subsequent observations and evaluations, would

further bridge the gap between offline benchmarking and online deployment.
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Another important research direction relates to the scalability and robustness
of agentic metaverse systems under heterogeneous and large-scale deployment con-
ditions. Future work could investigate hierarchical or modular agent organizations
that support thousands of concurrent users while maintaining coordination efficiency.
Adaptive mechanisms for handling network volatility, device heterogeneity, and sud-
den workload spikes will be essential to ensure stable performance in real-world en-
vironments. Integrating predictive models for user behavior and network dynamics

may further enhance system resilience and responsiveness.

From a practical deployment perspective, privacy, energy efficiency, and sustain-
ability represent critical challenges. Future agentic metaverse architectures should
incorporate privacy-aware perception and decision-making mechanisms, minimizing
unnecessary data transmission and enabling user-controllable data sharing policies.
Energy-efficient agent design, particularly for edge and device-level agents, will be
essential to reduce operational costs and environmental impact. Federated and de-
centralized learning paradigms offer a promising pathway to address these concerns
by enabling collaborative model improvement without centralized data aggregation,

while also aligning with emerging regulatory and ethical requirements.

Finally, interdisciplinary exploration represents a valuable avenue for future re-
search. Combining insights from human—computer interaction, cognitive science, so-
cial computing, and ethics could lead to more human-centered agentic metaverse
systems. Understanding how users perceive, trust, and collaborate with autonomous
agents will be crucial for designing systems that are not only technically effective but

also socially acceptable and inclusive.
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