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Abstract

As intelligent systems evolve toward tighter integration of communication, computation, and
control, Cyber-Physical Systems (CPS) and the Industrial Metaverse have emerged as the next
frontier for real-time human–machine collaboration. These systems promise immersive, task-
aware, and adaptive interaction between humans, robots, and digital twins. Yet, existing frame-
works remain fragmented: communication networks, control algorithms, and human feedback
mechanisms are often optimized in isolation, making it difficult to guarantee task-level perfor-
mance and human trust under dynamic conditions. This thesis develops a unified, task-oriented,
and human-centered co-design framework that bridges these domains to enable real-time, adap-
tive, and trustworthy CPS operation.

The research begins by establishing a task-oriented cross-system design framework that inte-
grates communication scheduling, computation offloading, and control policy optimization into
a single learning-based architecture. A Human-in-the-Loop Reinforcement Learning (HITL-
RL) mechanism is developed to enable adaptive policy refinement through interactive human
feedback. Experimental validation on a teleoperation platform demonstrates that the proposed
HITL-RL achieves an average position RMSE of 0.023 m, outperforming the data-based RL
baseline by 47.3%, and significantly enhancing control smoothness and trajectory stability un-
der stochastic delay conditions. These results confirm that incorporating human corrective inputs
effectively improves policy robustness and task execution accuracy in dynamic environments.

Building on this foundation, a Human-in-the-Loop Meta-Learning (HITL-MAML) frame-
work is introduced to enhance adaptability across operators and task contexts. By leveraging
Model-Agnostic Meta-Learning, the system learns a transferable initialization that can be ef-
ficiently adapted with limited human feedback. To ensure that the framework is generalizable
and robust, we propose the HITL-MAML algorithm, dynamically adjusting prediction horizons.
To verify the proposed framework and algorithm, we build a prototype including a real-world
robotic arm and its digital model in the CPS. The results demonstrate that our approach reduces
the weighted sum of the Root Mean Squared Error (RMSE) from 0.0712 m to 0.0101 m, signif-
icantly outperforming various baseline methods. This substantial improvement enhances both
the responsiveness and reliability of real-time CPS interactions.

To further align system behavior with human experience, a preference-driven reinforcement
learning approach is developed, incorporating Reinforcement Learning from Human Feedback
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(RLHF) into the co-design loop. By modeling implicit human responses as latent reward sig-
nals, the framework learns control strategies that optimize both task efficiency and perceived
comfort. We validate our framework using a UR3e robotic arm for reactor tile inspection in a nu-
clear decommissioning scenario. Compared to baseline methods, our approach enhances scene
representation while optimizing trajectory efficiency. The RLHF-based policy consistently out-
performs baseline selection, prioritizing task-critical details. By unifying explicit 3D scene rep-
resentations with implicit human-in-the-loop optimization, this work establishes a foundation
for adaptive, safety-critical robotic perception systems, paving the way for enhanced automa-
tion for remote maintenance and other high-risk environments.

Comprehensive simulations and hardware-in-the-loop experiments confirm that the proposed
frameworks achieve consistent improvements in latency, reliability, adaptability, and human sat-
isfaction. Collectively, these contributions establish a theoretical and experimental foundation
for scalable, task-oriented, and human-adaptive CPS. Looking ahead, this work envisions the
evolution of co-design methodologies toward multi-human collaboration—where multiple op-
erators interact with distributed agents through shared intent inference—and the incorporation of
foundation model-driven optimization, leveraging large pre-trained models for semantic reason-
ing and zero-shot adaptation. Together, these directions point toward the realization of human-
centric CPS and Industrial Metaverse ecosystems.
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Chapter 1

Introduction

The evolution of Cyber-Physical System (CPS), empowered by the convergence of commu-
nication, computing, and control technologies, is transforming the paradigm of real-time hu-
man–machine interaction. With the emergence of Digital twins (DTs) and the Industrial Meta-
verse, physical assets and virtual representations are becoming tightly integrated, enabling con-
tinuous synchronization, predictive analytics, and immersive teleoperation [1]. However, as
these systems operate in highly dynamic and heterogeneous environments, their performance
is no longer dictated by isolated subsystem characteristics but by the cross-domain coupling
among communication networks, computational resources, and control loops [2, 3]. In such
tightly interconnected architectures, latency, reliability, and stability emerge as joint proper-
ties influenced by End-to-End (E2E) interactions rather than individual components. Conse-
quently, traditional subsystem-level optimization becomes inadequate for ensuring real-time re-
sponsiveness and Human-In-The-Loop (HITL) adaptability [4]. To address these limitations, a
co-design framework that jointly considers communication, computing, and control is impera-
tive to achieve resilient, efficient, and adaptive performance in CPS.

CPS serve as the foundational framework for linking physical processes with digital intelli-
gence. On this basis, the co-design of communication, computing, and control constitutes the
integrative methodology through which these systems can operate efficiently across layers. The
Real-time interaction represents the operational outcome of this integration, characterizing how
the co-designed system functions under stringent timing constraints and HITL requirements.
This conceptual linkage not only underpins the structure of this thesis but also guides the tran-
sition from system-level design principles to task-oriented, real-time operations in industrial
environments.

To lay the foundation for this thesis, three interrelated aspects are introduced. First, the con-
cepts of CPS, DT, and the Metaverse are presented to clarify the system-level landscape and
highlight their potential in bridging physical and virtual spaces. Second, the notion of real-time
interactions is examined, emphasizing the stringent requirements for seamless communication,
haptic feedback, and control across distributed systems. Third, the principle of co-design of
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1.1. CYBER-PHYSICAL SYSTEMS, DIGITAL TWINS AND INDUSTRIAL METAVERSE 2

communication, computing, and control is discussed as a unifying methodology to jointly opti-
mize cross-system performance and ensure responsiveness in human-robot collaboration.

By integrating these perspectives, this thesis aims to establish a coherent framework for
addressing the unique challenges of real-time interactions in CPS and the Metaverse. The sub-
sequent sections of this chapter elaborate on each of these pillars in detail, before motivating the
research questions, outlining key challenges, and summarizing the main contributions.

1.1 Cyber-Physical Systems, Digital Twins and Industrial Meta-
verse

The development of intelligent interconnected systems can be viewed as a continuum encom-
passing CPS, DT, and the Industrial Metaverse. Together, these paradigms progressively inte-
grate physical processes, computational intelligence, and human interaction into a unified cy-
ber–physical framework.

1) Cyber-Physical Systems: CPS represent the deep integration of computation, commu-
nication, and control with the physical world. Originating from the evolution of embedded
and networked control systems, CPS provide the architectural foundation for real-time interac-
tion between distributed sensing, computation, and actuation [5]. In industrial contexts, CPS
enable large-scale coordination among heterogeneous devices—such as robots, sensors, edge
servers, and controllers—operating under stringent timing and reliability constraints [6]. The
complexity of these systems arises from tightly coupled feedback loops across communication
networks, computational resources, and control mechanisms, where performance metrics such
as latency, stability, and reliability emerge as interdependent system-level properties rather than
isolated subsystem parameters [7]. These characteristics underscore the need for cross-domain
optimization to ensure predictable and stable operation in dynamic industrial environments [8].

2) Digital Twin: DT is a living digital representation of a specific physical asset, process,
or system that is continuously synchronized with its physical counterpart throughout its lifecy-
cle via measured data, models, and contextual knowledge [9]. Unlike static digital models or
one-way “digital shadows,” a DT maintains a bidirectional link that supports online monitoring
and diagnosis, state estimation and parameter identification, what-if simulation and prediction,
as well as control and optimization. In CPS, DTs are designed with task-appropriate fidelity
(rather than maximal fidelity) to meet timing and reliability constraints, thereby enabling proac-
tive, adaptive decision-making and turning CPS from reactive loops into data- and model-driven
closed-loop ecosystems [10].

3) Industrial Metaverse: The term Metaverse, first coined by Neal Stephenson in his 1992
novel Snow Crash, has evolved from a fictional concept of a shared virtual space into a tech-
nological paradigm encompassing interconnected, immersive, and persistent digital environ-
ments [11]. In recent years, this concept has been extended to industrial domains, giving rise
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to the notion of the Industrial Metaverse. Building upon CPS and DT, the Industrial Metaverse
envisions a cyber–physical environment where humans, machines, and digital agents interact
seamlessly within immersive and synchronized virtual spaces. By fusing real-time control from
CPS with the analytical and representational power of DTs, it enables teleoperation, collabora-
tive design, and remote supervision in safety-critical domains [12]. Unlike consumer-oriented
Metaverse platforms, the Industrial Metaverse prioritizes task-oriented performance metrics,
emphasizing ultra-low latency, deterministic reliability, and HITL adaptability to guarantee both
safety and efficiency during real-time operations [13].

The convergence of CPS, DT, and the Industrial Metaverse reveals a fundamental challenge:
as physical and digital systems become increasingly integrated, their collective performance
depends on end-to-end coordination across communication, computing, and control domains.
Latency variations, computational delays, or control instabilities can no longer be analyzed in
isolation, as they propagate and amplify across the entire system [14]. Moreover, the increas-
ing involvement of humans in the control loop introduces additional complexity—real-time re-
sponsiveness must now account for perceptual thresholds, cognitive workload, and interactive
feedback that directly affect task performance and safety [15]. To achieve resilient and human-
centric real-time interactions, a co-design approach—jointly optimizing communication, com-
puting, and control while aligning with human perceptual and operational constraints—is essen-
tial for next-generation industrial cyber–physical environments.

1.2 Real-Time Interactions

While CPS, DT, and the industrial Metaverse encompass a broad range of applications, not all
of them are inherently mission-critical. In this thesis, we specifically focus on mission-critical
scenarios, where stringent requirements on latency, reliability, and real-time responsiveness are
essential for safe and effective operation, particularly in human-in-the-loop (HITL) and remote
robotic systems.

Building upon the discussion of CPS, DT, and the industrial Metaverse, it becomes evident
that real-time interactions are the cornerstone for enabling safe and efficient operation in such
mission-critical environments. While CPS emphasize the integration of computation, commu-
nication, and control, it is the timeliness of these processes that ultimately determines whether
the system can function reliably under stringent industrial constraints.

Historically, early feedback control systems in the 1970s–1980s operated under relatively
loose timing requirements, where delays on the order of milliseconds to seconds were accept-
able. With the rise of Networked Control Systems (NCS) in the 1990s, communication latency
and jitter emerged as key factors limiting stability and performance [16]. More recently, the
vision of the Tactile Internet and Ultra-Reliable Low-Latency Communication (URLLC) has
shifted expectations to the sub-millisecond regime, highlighting the demand for near-instantaneous
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feedback loops in human–machine interaction [17].
Real-time interactions are indispensable across a wide range of industrial applications. In

manufacturing, collaborative robots working alongside humans require E2E latency below 10
ms to ensure safe physical interaction without unintended collisions [18]. In power systems,
delays in adaptive load balancing can lead to cascading failures and large-scale blackouts. In
healthcare, studies on telesurgery have shown that control delays exceeding 100 ms signifi-
cantly degrade surgical precision and increase the risk of adverse outcomes [19]. Similarly, in
hazardous domains such as nuclear decommissioning or offshore oil drilling, operators depend
on real-time haptic and visual feedback to safely manipulate remote robots in unpredictable
environments [20].

These cases illustrate that real-time interactions are not merely a performance enhancement
but a fundamental requirement in mission-critical deployments of CPS and the Industrial Meta-
verse. They determine whether human operators can trust and effectively collaborate with re-
mote systems. As such, this thesis places a central focus on understanding, modeling, and im-
proving real-time interactions by jointly addressing the communication, computing, and control
processes that underpin them.

1.3 Co-Design of Communication, Computing and Control

As highlighted in the previous section, achieving reliable real-time interactions in Industrial CPS
cannot be easily guaranteed by optimizing communication, computing, or control subsystems
in isolation. Traditionally, these components have been designed separately: communication
protocols have targeted metrics such as throughput and bit error rate, computing platforms have
focused on maximizing resource utilization, and control systems have aimed at stability and ro-
bustness [21]. While such separate design approaches are effective within each domain, they
often lead to sub-optimal performance at the system level. For example, reducing packet error
rates in communication does not necessarily improve end-to-end control accuracy if computa-
tional delays remain unaccounted for, and a highly stable controller cannot prevent instability if
network-induced delays are not considereds [22].

To address these limitations, co-design has emerged as a unifying paradigm that jointly op-
timizes communication, computing, and control. The fundamental principle of co-design is to
align subsystem objectives with task-oriented performance metrics rather than optimizing each
subsystem independently. By coordinating resource allocation and algorithmic strategies across
domains, co-design enables the system to meet stringent industrial requirements such as ultra-
low latency, high reliability, and safe human-in-the-loop interactions [4]. For instance, in robotic
teleoperation, co-design strategies can dynamically adjust prediction horizons and communica-
tion scheduling to minimize end-to-end tracking errors. In immersive industrial Metaverse ap-
plications, integrating rendering prediction with network scheduling reduces motion-to-photon
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latency beyond what separate optimizations can achieve [23]. Similarly, in smart grids, joint
optimization of communication scheduling and control strategies has been shown to reduce the
Age of Information (AoI), improving stability and resilience [24].

Within the context of Industrial CPS, co-design has been widely recognized as an essential
methodology for bridging the gap between theoretical performance metrics and practical task
requirements. It shifts the focus from domain-specific optimization to holistic, cross-system
design, where communication, computing, and control are considered as interdependent com-
ponents of a unified system. This thesis builds upon this perspective, developing novel co-design
frameworks that incorporate human preferences, predictive modeling, and reinforcement learn-
ing to ensure robust real-time interactions in complex industrial environments.

1.4 Motivation

1.4.1 Multi-Loop Latency and Uncertainty

Industrial human–machine systems rarely operate as a single, isolated feedback loop. Instead,
operator actions simultaneously propagate through multiple concurrent and interacting path-
ways, as illustrated in Fig. 1.1. A typical system consists of at least two tightly coupled yet
asynchronous feedback processes: a control loop, which governs motion commands and state
feedback between the operator and the physical workspace and is well established in networked
control systems [16], and a rendering loop, which provides visual and haptic feedback through
the virtual environment or digital twin. Sensors capture the operator’s motion, networked sys-
tems transmit information across physical and virtual domains, and both real and simulated
environments respond in their own temporal scales. Because these loops differ in their sensing,
computation, and communication delays, the information reaching the operator is often tempo-
rally misaligned, leading to perceptual and control inconsistencies.

Although the introduction of virtual domains may increase system complexity and introduce
additional latency due to rendering and synchronization processes, they provide critical benefits
that are not achievable through purely physical feedback loops. In particular, virtual domains
enable predictive visualization, state estimation, and environment augmentation, which enhance
the operator’s situational awareness and decision-making capability. In human-in-the-loop sce-
narios, operators often rely on rendered visual and haptic feedback rather than direct physical
observation, especially in remote or hazardous environments. Therefore, the rendering process
is not merely an additional delay source but an essential component for delivering interpretable
and actionable feedback.

This multi-loop architecture introduces inherent challenges in ensuring synchronized and
stable feedback. In the control loop, delay and jitter directly affect actuation precision and sys-
tem stability. In the rendering loop, latency in visual or haptic feedback alters the operator’s
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Figure 1.1: Structural diagram of multi-loop interaction in Industrial Human–Machine Systems.
The figure illustrates how the operator, server, and real-world workspace are interconnected
through the control and rendering loops. Information flows bidirectionally between the physical
and virtual spaces, forming coupled feedback loops where asynchronous feedback and hetero-
geneous delay sources jointly influence system behavior.

perception of timing and spatial consistency. When these feedback channels operate at different
temporal scales, the operator may experience perceptual dissonance—actions and responses ap-
pear inconsistent—causing overcompensation or hesitation during task execution. In industrial
contexts, such as teleoperation, assembly, or remote inspection, this desynchronization can lead
to degraded task accuracy, reduced operator confidence, or even safety risks [14].

The problem is further compounded by the stochastic and heterogeneous nature of latency.
Network delay varies with congestion, computation delay depends on workload and algorithmic
complexity, and the operator’s reaction time introduces human variability into the loop. These
uncertainties interact nonlinearly: even small timing mismatches between control and rendering
feedback can amplify through the coupled loops, resulting in oscillatory behavior or unstable
control [25]. Thus, overall performance is determined not only by the mean delay of each loop
but also by their temporal alignment and cross-loop dynamics [26].

These observations highlight the central motivation of this research. Reliable and intuitive
human–machine interaction requires not merely minimizing latency in each subsystem but un-
derstanding and managing the interplay between multiple asynchronous feedback loops. Ef-
fective system design must therefore account for heterogeneous feedback timing, multi-source
uncertainty, and cross-domain synchronization to ensure coherent and stable perception–action
coupling. Addressing these challenges forms the basis for the task-oriented modeling and co-
design frameworks developed in the subsequent chapters of this thesis.

1.4.2 Complexity of Human-in-the-Loop Systems

The discussion of multi-loop latency and uncertainty has primarily focused on technological
subsystems such as communication, computation, and control. However, in Industrial CPS and
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the Industrial Metaverse an equally critical source of complexity arises from the human operator
who remains in the feedback loop. HITL systems differ fundamentally from purely automated
control in that the operator’s perception, cognition, and action responses become integral com-
ponents of the overall system dynamics. As a result, the performance, safety, and reliability of
HITL systems depend not only on engineering design but also on the variability and adaptability
of human behavior.

Historically, HITL concepts emerged in aviation and military applications, where pilots or
operators interacted with complex systems under high-stakes conditions [17]. The central mo-
tivation was that humans provide situational awareness, adaptability, and decision-making that
purely automated systems cannot match. With the rise of modern robotics, remote operation,
and immersive interfaces, HITL has expanded to domains such as telesurgery, collaborative in-
dustrial robotics, and hazardous-environment teleoperation [18]. In these settings, human cog-
nition and decision-making are indispensable, but they also introduce challenges absent in fully
autonomous systems.

The complexity of HITL systems arises from multiple intertwined factors. First, human
sensorimotor response times impose fundamental delays (typically on the order of hundreds of
milliseconds), which interact with system-induced delays and can magnify control errors [27].
Second, human behavior is inherently non-stationary: operators learn and adapt during tasks,
but they also exhibit fatigue, lapses of attention, or inconsistent strategies across sessions [28].
Third, significant variability exists across individuals, meaning that a system tuned to one opera-
tor may perform poorly for another [4]. Fourth, cognitive bandwidth is limited: when operators
are overloaded with information (visual, haptic, auditory), their ability to respond accurately
degrades, particularly under stressful or safety-critical conditions. These factors make modeling
the “human component” of the loop considerably more difficult than modeling communication
channels or control laws.

Concrete industrial examples illustrate these challenges. In telesurgery, surgeons rely on
visual and haptic cues to guide sub-millimeter incisions, yet their performance can deteriorate
rapidly under latency or when feedback is inconsistent with expectation, leading to increased
error rates. In collaborative robotics, human workers sharing a workspace with cobots require
the system to anticipate human trajectories and intentions in real time [29]; a failure to do so
risks collisions or production interruptions. In hazardous remote operations such as nuclear
decommissioning, human operators often face high cognitive loads while controlling robotic
manipulators through indirect and delayed feedback, where mistakes can have catastrophic con-
sequences. These cases highlight that human variability, perception–action delay, and bounded
rationality are not peripheral issues but central determinants of HITL system performance [27].

From a research perspective, the presence of the human operator introduces both challenges
and opportunities. On the one hand, HITL systems are difficult to analyze using classical control
theory because the “plant” includes a human whose dynamics are stochastic, time-varying, and
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partly unobservable [30]. On the other hand, humans provide adaptability and contextual un-
derstanding that automated systems still struggle to achieve. This duality motivates approaches
that incorporate learning and adaptation directly into the control framework. In particular, rein-
forcement learning with human feedback, predictive modeling of human motion and intention,
and task-oriented co-design that explicitly accounts for human variability are promising direc-
tions [31]. The central thesis of this work is that by treating the human not as a disturbance but
as an integral and co-adaptive component of the loop, Industrial CPS and Industrial Metaverse
systems can achieve safer, more robust, and more effective real-time interactions.

1.4.3 Human Preferences and Experience Modeling

Beyond the technical aspects of latency, uncertainty, and control stability, the effectiveness of
HITL systems ultimately depends on how humans perceive and experience their interactions
with the system. A control loop may be objectively stable and low in latency, yet if the feedback
feels unnatural, the workload is excessive, or the sensory cues are misaligned with operator
expectations, overall performance and safety can still degrade [4]. This recognition motivates
explicit modeling of human preferences and experience as a central component of Industrial
CPS and Industrial Metaverse design.

Research in Human-Computer Interaction (HCI), ergonomics, and quality of experience
(QoE) consistently demonstrates that subjective human perception often diverges from objec-
tive system metrics. For instance, in video-streaming studies, user satisfaction correlates more
strongly with playback interruptions than with average throughput [32]. Similarly, in haptic
teleoperation, operators tend to prefer small, consistent delays over unstable or jittery feedback,
even when average latency is equivalent [33]. These findings underline a key principle: human
comfort, trust, and task efficiency cannot be inferred from engineering metrics alone. Instead,
they require models that reflect how humans subjectively trade off delay, stability, precision, and
cognitive effort.

Modeling human preferences, however, is inherently complex. Preferences are heteroge-
neous: different operators display varying tolerance to latency, noise, and workload, shaped by
training, skill level, and even cultural or cognitive factors. They are also dynamic: tolerance
evolves as users adapt, learn, or become fatigued. Moreover, perception is nonlinear: humans
exhibit threshold effects—minor fluctuations below a perceptual boundary may go unnoticed,
while exceeding it abruptly degrades perceived quality [34]. Finally, preferences are context-
dependent: what an operator considers acceptable in a training environment may be intolerable
in safety-critical or high-stress tasks such as tele-surgery [35]. These dimensions collectively
make human preference modeling both scientifically challenging and practically essential.

Diverse industrial applications vividly illustrate these issues. In immersive industrial training
using Virtual Reality (VR)/Augmented Reality (AR), high Motion-To-Photon (MTP) latency not
only reduces task accuracy but can induce simulator sickness and lower long-term user engage-
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ment [36]. In remote maintenance and inspection, operators frequently prioritize visual stability
and situational awareness over communication speed, preferring slightly delayed but consistent
feedback to avoid perceptual dissonance [33]. In collaborative robotics, predictability and trans-
parency of robot motion are valued more than maximum efficiency, as they reduce cognitive
workload and foster human trust [37]. In industrial control rooms or human–AI supervisory
settings, operators often favor reliable, interpretable feedback and consistent alert timing over
aggressive automation policies that might undermine confidence [35]. Together, these exam-
ples demonstrate that aligning system design with human preferences directly enhances safety,
usability, and mission effectiveness.

Integrating human preferences into Industrial CPS design offers several tangible benefits.
First, it enables task-oriented co-design that optimizes for human-perceived quality rather than
purely technical performance indicators. Second, it facilitates personalization and adaptability:
by capturing individual operator profiles, systems can dynamically tune prediction horizons,
control gains, or communication scheduling to align with human comfort and cognitive lim-
its. Third, it strengthens trust and acceptance—a crucial prerequisite for reliable HITL opera-
tion—by ensuring that system responses feel natural, transparent, and supportive of the opera-
tor’s intent.

This thesis adopts a human-centered perspective: Industrial CPS and Industrial Metaverse
systems must not only meet engineering requirements but also resonate with human expecta-
tions and perceptual realities. Accordingly, the subsequent chapters develop preference-aware
and experience-driven models that integrate seamlessly into the broader task-oriented co-design
framework, ensuring that system intelligence complements, rather than conflicts with, human
experience.

1.5 Key Challenges

The preceding discussions highlight that enabling real-time, human-centered interaction in CPS
and the Industrial Metaverse requires the integration of communication, computing, control,
and human factors into a unified adaptive framework. Despite considerable progress in net-
worked control, edge intelligence, and human–computer interaction, several key challenges re-
main open. These challenges form the technical foundation and motivation for the remainder of
this thesis.

• Multi-Loop Latency and Uncertainty.

Real-world CPS involve multiple concurrent feedback loops—such as control, render-
ing, and prediction—that operate under stochastic latency and interdependent timing con-
straints. The overall end-to-end delay is not simply additive but a nonlinear function of
network conditions, computation load, and human response dynamics. Conventional con-
trol or communication design approaches cannot effectively capture these coupled effects,
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leading to performance degradation and instability. Addressing this challenge requires
task-oriented predictive modeling and adaptive delay-compensation strategies capable of
mitigating heterogeneous delay sources in real time.

• Cross-System Coupling and Co-Design.

Traditional separate optimization of communication, computing, and control subsystems
leads to sub-optimal system-level performance under real-time constraints. Communica-
tion scheduling influences control stability; computation latency affects feedback timeli-
ness; and all interact to determine the responsiveness of human–robot collaboration. The
absence of a unified, task-oriented optimization objective makes it difficult to coordinate
these domains coherently. Therefore, a co-design paradigm that jointly allocates resources
and adapts policies according to task-level performance metrics (e.g., motion-to-photon
latency, RMSE, Age-of-Loop) is necessary.

• Human Variability, Adaptation, and Preference Modeling.

Even with optimized system parameters, overall performance ultimately depends on how
human operators perceive and interact with the system. Humans introduce variability
through differing reaction times, learning behaviors, fatigue, and cognitive limitations.
Preferences and comfort thresholds are highly individual and context-dependent, mak-
ing fixed control or feedback strategies inadequate. Modeling human intent, comfort,
and trust in a computationally tractable yet personalized manner remains a major open
problem. Adaptive and preference-aware mechanisms are required to enable continuous
co-adaptation between humans and machines.

• Toward Task-Oriented, Human-Centered CPS.

The challenges above are inherently interconnected: multi-loop delays propagate through
coupled subsystems; co-design seeks to address these interdependencies; and human vari-
ability defines the ultimate limit of usability and safety. The overarching challenge is
to design CPS that are not only technically optimized but also task-oriented and human-
centered—systems capable of adapting dynamically to environmental conditions, resource
constraints, and human feedback in real time. This holistic perspective underpins the in-
tegrated methodologies and experimental frameworks developed throughout this work.

1.6 Contributions

To address the aforementioned challenges, this thesis proposes a series of frameworks and
methodologies that integrate predictive modeling, cross-system co-design, and human-in-the-
loop learning for real-time, human-centered CPS and Industrial Metaverse applications. The
main contributions of this thesis are summarized as follows:
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• Predictive Modeling and Real-Time Delay Compensation.

A task-oriented modeling framework is developed to analyze and mitigate the effects of
multi-loop latency and uncertainty in real-time human–machine interactions. The pro-
posed approach decomposes total system delay into communication, computation, pre-
diction, and execution components, and introduces adaptive prediction mechanisms to
compensate for E2E latency. By integrating Auto-Regressive Moving Average (ARMA)-
based prediction and reinforcement learning, the framework dynamically adjusts predic-
tion horizons according to observed network and operator states. Experimental validation
demonstrates that this approach significantly reduces motion errors and enhances stabil-
ity under variable delay conditions.

• Task-Oriented Co-Design of Communication, Computing, and Control.

This thesis introduces a unified co-design framework that jointly optimizes communica-
tion scheduling, computation allocation, and control strategies with respect to task-level
performance metrics. Instead of minimizing delay or maximizing throughput in isola-
tion, the proposed framework formulates a Deep Reinforcement Learning (DRL)-based
optimization that directly minimizes task-specific cost functions such as MTP, Age of
Loop (AoL), and control error. The co-design framework incorporates uncertainty mod-
eling and adaptive resource scheduling to achieve balanced performance between latency,
reliability, and task accuracy. Both simulation and prototype experiments show substan-
tial gains in responsiveness and convergence efficiency compared with separate design
baselines.

• Human-in-the-Loop Reinforcement Learning and Preference-Aware Adaptation.

To address the variability and complexity of human operators, this thesis develops learning-
based methods that explicitly incorporate human feedback and preferences into the con-
trol and optimization process. A HITL DRL framework is proposed, combining Proximal
Policy Optimization (PPO) with real-time human corrective inputs to enable co-adaptive
behavior between the operator and the system. Additionally, a preference-aware adap-
tation mechanism models individual operator comfort and trust thresholds, allowing the
system to personalize prediction and control parameters dynamically. Empirical results
indicate that incorporating human feedback not only accelerates policy convergence but
also improves perceived control stability and operator trust.

• Integrated Experimental Platform and Validation.

A real-time experimental testbed is implemented to validate the proposed methods under
realistic industrial scenarios involving remote robotic control and immersive feedback.
The platform integrates sensing, communication, and control loops, enabling quantitative
evaluation of MTP latency, control Root Mean Squared Error (RMSE), and subjective
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experience measures. The system-level experiments confirm that the proposed predictive,
co-design, and HITL methods can jointly deliver stable, low-latency, and human-centered
operation even under stochastic delay and uncertain human behaviors.

• Comprehensive Framework for Task-Oriented, Human-Centered CPS.

By combining predictive compensation, cross-layer co-design, and human preference
modeling, this thesis establishes a unified framework for designing next-generation CPS
and Industrial Metaverse systems. The framework bridges the gap between traditional en-
gineering optimization and human-centered performance, demonstrating that task-oriented,
adaptive co-design can achieve both technical efficiency and user trust in mission-critical
industrial environments.

In conclusion, these contributions establish a comprehensive and systematic foundation
for building next-generation CPS and Industrial Metaverse. The work advances beyond con-
ventional boundaries between communication, computing, and control by introducing a task-
oriented co-design paradigm that explicitly incorporates human perception, adaptation, and
feedback into the system optimization process. Through predictive modeling, adaptive co-
design, and human-in-the-loop learning, the thesis demonstrates how technical efficiency and
human-centered performance can be jointly achieved in real-world, delay-prone industrial envi-
ronments. Beyond specific algorithms or implementations, the overarching contribution lies in
articulating a unified perspective—one that views real-time human–robot collaboration as an in-
tegrated HITL CPS. This perspective provides a conceptual and methodological foundation for
future research on safe, adaptive, and trust-aware intelligent systems operating at the intersection
of humans, robots, and the industrial metaverse.

1.7 Thesis Organization

The remainder of this thesis is organized as follows. Each chapter builds upon the previous
one to address the key challenges identified earlier, progressing from system-level analysis to
cross-layer optimization and finally to human-centered adaptation.

• Chapter 2 – Literature Review.

This chapter reviews the fundamental concepts underlying CPS, Digital Twins, and the Indus-
trial Metaverse. It surveys prior research on real-time control, co-design methodologies, and
human-in-the-loop systems, identifying open problems and gaps that motivate the subsequent
chapters.

• Chapter 3 – User-Centric Reinforcement Learning in Co-Design CPS Framework.

This chapter investigates the problem of multi-loop latency and uncertainty in real-time hu-
man–machine interactions. It presents a task-oriented modeling framework and an adaptive
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prediction mechanism to compensate for heterogeneous delays across communication, com-
putation, and control loops. Experimental validation demonstrates the framework’s ability to
reduce motion error and improve real-time stability.

• Chapter 4 – Meta-Learning in Co-Design CPS Framework for Multi-Task Scenarios.

Building on the previous analysis, this chapter develops a unified co-design framework that
jointly optimizes communication scheduling, computation allocation, and control strategies
under industrial constraints. A reinforcement-learning-based optimization is employed to
achieve end-to-end task performance improvements while maintaining robustness against un-
certainty.

• Chapter 5 – Preference-Driven Reinforcement Learning in Co-Design CPS via Human
Feedback.

This chapter addresses the variability of human operators by introducing learning-based meth-
ods that explicitly incorporate human feedback and preferences into the control loop. It
presents a human-in-the-loop reinforcement learning (HITL-RL) approach for adaptive policy
refinement and a preference-aware adaptation mechanism that personalizes interaction based
on operator behavior and subjective comfort.

• Chapter 6 – Conclusions and Future Directions.

The final chapter summarizes the main findings and contributions of the thesis, discusses their
broader implications for Industrial CPS and the Industrial Metaverse, and outlines potential
directions for future research in task-oriented and human-centered system design.



Chapter 2

Literature Review

2.1 Co-Design of Communication, Computing, and Control

The co-design of communication, computing, and control has become a cornerstone method-
ology for achieving real-time performance, reliability, and adaptability in CPS. In traditional
architectures, these subsystems were designed and optimized independently—communication
focused on throughput and reliability, computing on resource efficiency, and control on stability
and robustness. However, as modern industrial systems evolve into tightly coupled, distributed,
and human-in-the-loop environments, the boundaries between these domains blur. The end-to-
end performance of an CPS—measured by latency, stability, and responsiveness—depends on
the dynamic interaction among communication, computation, and control processes rather than
the performance of any individual component.

This realization has motivated a paradigm shift from separate subsystem optimization to
cross-system co-design, where the interdependencies among communication, computation, and
control components are explicitly modeled and jointly optimized to achieve overall system ob-
jectives. Building on this foundation, researchers have proposed cross-system optimization
frameworks that integrate resource allocation, feedback control, and computational schedul-
ing to ensure real-time and deterministic system performance. At a higher level of abstraction,
the task-oriented communication paradigm further redefines design objectives from maximizing
conventional transmission metrics to ensuring mission success, emphasizing the semantic and
control relevance of transmitted information rather than raw data throughput. Moreover, predic-
tion and scheduling mechanisms have been incorporated into co-design architectures to enable
proactive and adaptive decision-making, ensuring system stability and performance robustness
under dynamic and uncertain operating conditions.

In conclusion, these research directions outline a coherent evolution—from structural in-
tegration to adaptive intelligence—within the co-design paradigm. By jointly orchestrating
communication, computing, and control under unified objectives, CPS can transcend traditional
trade-offs between latency, reliability, and scalability, achieving efficient, resilient, and human-

14
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centered operation. The following subsections review these developments in detail, tracing the
theoretical foundations, representative methodologies, and emerging challenges across modular,
cross-layer, task-oriented, and predictive co-design approaches.

2.1.1 Separate Design for Communication, Control and Computing Mod-
ule

Table 2.1: Key KPIs for CPS-Related Service Categories in 3GPP TS 22.261 (Release 20)

Category KPI Target Value User Experience Objective

XR (AR/VR/MR)

Throughput (DL/UL) DL ≥ 1 Gbps, UL ≥ 200 Mbps Support for 8K/16K video
streaming and real-time rendering

Latency ≤ 5 ms (ideal 1 ms) Low motion sickness, real-time
interaction

Jitter ≤ 1 ms Smooth audio/video experience
Multi-user synchronization ≤ 10 ms Consistency in collaborative XR

environments

Holographic
Communication

Throughput DL ≥ 5–10 Gbps Support for high-fidelity 3D holo-
graphic video

Latency ≤ 1 ms Real-time holographic interaction
Multi-modal synchronization ≤ 20 ms Alignment of audio and visual

streams

DT
Throughput ≥ 100 Mbps (interactive) Support for industrial/city-scale

twin systems
Latency ≤ 1–10 ms High fidelity between digital and

physical entities
Positioning accuracy Horizontal ≤ 0.2–0.5 m, Vertical ≤

1 m
Precise spatial modeling for digi-
tal twin

Time synchronization Nanosecond (ns) level CPS, energy grid, and financial
applications

Multimodal
Immersive

Collaboration

Throughput ≥ 1 Gbps Simultaneous transmission of au-
dio, video, and haptic data

Cross-modal synchronization ≤ 20–30 ms Alignment of audio/visual/haptic
perception

Interaction loop latency ≤ 1 ms Tactile Internet, immediate re-
sponse

Reliability ≥ 99.999% Ensuring safe and reliable remote
collaboration

Traditional industrial systems were often designed through separate design, where commu-
nication, computing, and control subsystems were developed independently according to their
respective objectives. Communication research primarily focused on enhancing throughput,
spectral efficiency, and link reliability [22,23,38]; control research targeted system stability and
robustness under network-induced delay and noise [39,40]; and computing research emphasized
resource efficiency and task scheduling across devices and cloud infrastructure [10, 41]. While
each module achieved remarkable progress in its own domain, such isolated designs often led to
performance mismatches in integrated CPS. For example, unpredictable communication delay
variations can destabilize control loops, while computation offloading decisions that disregard
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network congestion can degrade responsiveness [7,21,42]. As industrial systems evolve toward
distributed, networked, and human-in-the-loop architectures, the interdependencies among these
domains become increasingly critical, revealing the inherent limitations of separate design. This
motivates the development of integrated co-design paradigms that jointly account for the cou-
pled dynamics of communication, computing, and control to ensure end-to-end performance.

Early studies in each subsystem nonetheless established solid theoretical and technical foun-
dations for later co-design research.

Communication optimization: Significant efforts have been devoted to improving Qual-
ity of Service (QoS) through channel modeling, adaptive modulation, and scheduling algo-
rithms. In this context, the performance metrics for CPS communication systems are often
aligned with standardized Key Performance Indicators (KPIs) defined by 3GPP, as summarized
in Table 2.1 [43]. These KPIs specify the quantitative targets for representative CPS-related
applications, including Extended Reality (XR), holographic communication, digital twins, and
multimodal immersive collaboration. Building upon these standardized requirements, numerous
studies have sought to optimize the communication module to meet such stringent performance
demands in practical CPS scenarios. In [24] and [44], the authors discussed the enhancements
required for traditional Ethernet networks to achieve real-time performance and reviewed several
Real-Time Ethernet (RTE) technologies. Similarly, [45] analyzed the challenges of introducing
wireless communication into industrial environments, focusing on wireless sensor networks for
process automation and remote actuation. However, as highlighted in [46], discrepancies be-
tween theoretical analysis and practical test results often emerge, with measured performance
typically falling below expected values due to interference, congestion, and hardware limita-
tions.

Control optimization: In networked control systems, the primary research focus has been
maintaining closed-loop stability under stochastic delay and packet loss. For instance, [47]
proposed a distributed autonomous control framework integrating multiple control schemes for
fault analysis and decision-making, improving system reliability. To achieve higher flexibil-
ity and integration in production systems, [13] introduced a self-adaptive collaborative control
model for intelligent logistics, enhancing coordination and resilience in dynamic manufacturing
environments.

Computing optimization: With the advent of edge and cloud computing, numerous studies
explored task scheduling, computation offloading, and model compression to improve latency
and energy efficiency. For example, [48] introduced lightweight neural network architectures
with tunable parameters to balance latency and accuracy, enabling deployment on embedded
or mobile devices. Surveys such as [49] and [50] reviewed model compression techniques in-
cluding pruning and quantization, which accelerate on-device inference while reducing memory
footprint and power consumption.

Overall, these modular advances significantly improved performance within individual do-
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mains but failed to account for the cross-domain dependencies that dominate modern CPS. The
lack of coordinated design among communication, control, and computing modules often results
in suboptimal E2E performance under dynamic and interconnected operating conditions.

2.1.2 From Separate Design to Cross-System Co-Design

Recognizing the limitations of separate design, researchers have shifted toward cross-system
co-design, which treats communication, computing, and control as interdependent subsystems
within a unified feedback loop. This paradigm aims to jointly optimize network scheduling,
computation offloading, and control actions under a shared task objective, enabling end-to-end
performance optimization instead of isolated efficiency gains. By explicitly modeling the dy-
namic coupling among communication, computing, and control processes, co-design frame-
works seek to minimize latency, improve reliability, and enhance system-level stability under
constrained resources. Significant contributions have been made to reduce the latency by the
strategy of cross-System co-design [12, 14, 25, 26, 29, 51, 52]. The authors in [51] introduced an
integrated scheduling method for sensing, communication, and control in Unmanned Aerial Ve-
hicle (UAV) networks using mmWave/THz communications, enhancing backhaul data transmis-
sion. They analyzed the interaction between sensing and motion control, introducing a “state-
to-noise-ratio" concept linking control patterns to data rates. The authors in [26] optimized the
data transmission in Industrial Internet of Things (IIoT) systems, which derived the average AoI
expression under packet loss and finite retransmissions, linking it to control performance and
communication energy consumption. The authors in [14] considered URLLC scenarios, where
mobile devices predict future states and send them to a data center. They optimized resources
to improve delay-reliability tradeoffs, accounting for prediction errors and packet losses. The
authors in [12] introduced a proactive tile-based video streaming method for wireless VR to
reduce motion-to-photon latency by predicting and delivering tiles before playback. However.
most of these efforts are not task-oriented, resulting in a gap between traditional metrics for
communications and the KPIs. In addition, these efforts do not directly consider the interaction
between the human and the environment in the CPS.

Although these studies demonstrate the potential of cross-system co-design to enhance sys-
tem efficiency and responsiveness, most of them remain communication- or control-centric,
rather than fully task-oriented. As a result, there remains a mismatch between traditional com-
munication metrics and system-level KPIs, particularly when considering the human–environment
interaction inherent in CPS. This observation motivates the next stage of research evolution—from
co-design at the system level to cross-system optimization for real-time performance, where
communication, computing, and control are not only jointly modeled but also dynamically co-
ordinated to meet real-time, human-centered objectives.
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2.1.3 Cross-System Optimization for Real-Time Performance

Real-time performance has become a defining requirement for modern CPS, where sensing,
computation, communication, and control processes must operate within strict timing con-
straints [53, 54]. In applications such as industrial automation, autonomous systems, and the
Industrial Metaverse, even millisecond-level latency can significantly degrade stability, safety,
or user experience [55]. However, ensuring real-time operation is fundamentally challenging be-
cause delays and uncertainties arise from multiple domains—communication congestion, com-
putational load, control-loop dynamics, and even human interaction. Therefore, recent research
has shifted from domain-specific improvements to cross-system optimization, which jointly
manages resources and decision processes across communication, computing, and control layers
to maintain deterministic timing and stable performance under dynamic conditions [28].

Early studies on real-time optimization primarily focused on minimizing latency in Wire-
less Networked Control Systems (WNCSs) and edge-assisted industrial networks, where the
coupling between data transmission, computation delay, and control sampling interval was ex-
plicitly modeled. In [28], the authors proposed a cross-domain optimization framework that
simultaneously adjusts communication scheduling and control gains to ensure stability under
time-varying network delay. The authors in [56] introduced a dynamic task offloading and
feedback control strategy for edge computing systems, reducing computation and communica-
tion delays while preserving control accuracy. In addition, the authors in [57] investigated how
packet loss, jitter, and delay variation influence control stability, proposing adaptive transmission
policies that balance reliability and responsiveness. These studies collectively demonstrate that
real-time guarantees cannot be achieved by optimizing a single subsystem, but rather through
coordinated optimization across the entire cyber–physical stack.

Beyond delay minimization, recent works have emphasized deterministic and adaptive real-
time performance, where system behavior remains predictable even under stochastic network
and computational conditions. In our previous work [30], we explored cross-layer optimization
strategies that combine physical-layer scheduling, network routing, and control adaptation to
achieve URLLC performance. Similarly, [58] proposed a hierarchical optimization framework
that integrates computation offloading with feedback scheduling, enabling time-sensitive appli-
cations to meet latency and stability constraints simultaneously. Emerging methods also lever-
age reinforcement learning and Model-Predictive Control (MPC) to perform real-time resource
allocation, enabling the system to adaptively adjust to workload fluctuations and unpredictable
network dynamics [59]. Such learning-driven cross-system optimization has shown strong po-
tential for sustaining sub-millisecond delay and maintaining closed-loop stability in distributed
and human-in-the-loop environments.

Overall, cross-system optimization for real-time performance represents a critical step in the
evolution from conceptual co-design to operational implementation. By integrating communi-
cation, computing, and control decisions under a unified objective function, these approaches
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enable proactive, coordinated resource management to ensure deterministic timing and high re-
liability. Yet, most existing optimization frameworks still treat performance in terms of system
metrics such as delay or throughput, rather than explicit task success or semantic relevance.
The next subsection therefore introduces the notion of task-oriented communication paradigms,
which redefine real-time optimization goals around mission success and task-level performance
in complex CPS environments.

2.1.4 Task-Oriented Communication Paradigms

Traditional communication paradigms often measure success based on bit error rates (BER)
or throughput, emphasizing the reliability and efficiency of data transmission. However, such
metrics are not always aligned with the ultimate goals of CPS, where the task at hand is the
primary performance measure. Task-oriented communication shifts the focus from low-level
transmission metrics to task completion success, optimizing communication strategies based
on the specific needs of the task rather than raw data fidelity [60]. This paradigm has found
increasing application in a wide range of CPS, including IIoT [61], Unmanned Ground Vehicle
(UGV) and UAV communication systems [62], autonomous driving [63], and the Industrial
Metaverse [30].

For example, in [61], the authors explore a WNCS scenario, proposing a goal-oriented
scheduling and control co-design policy. This policy prioritizes the transmission of goal-relevant
information, minimizing violation probability under resource constraints. Similarly, in UAV sys-
tems, the authors of [64] introduce a task-oriented communication framework that utilizes DRL
to optimize control and communication data selection and repetition, outperforming traditional
Proportional Integral Derivative (PID) methods. These approaches underscore the potential of
task-oriented communication to dynamically adjust transmission strategies based on real-time
application requirements.

In the Industrial Metaverse, task-oriented paradigms take on additional complexity. For
instance, in [30], the authors propose a task-oriented cross-system design framework aimed
at minimizing packet rates for accurate robotic arm modeling. This framework is tailored to
the Industrial Metaverse, where virtual robotic arms serve as "Digital Shadows", mimicking the
physical world without the ability to process environmental and user inputs to make autonomous
decisions [65]. Furthermore, the study’s design was based on offline data training and testing,
leaving the critical challenge of addressing real-time latency in systems with human-in-the-loop
unaddressed.

Our work in Chapter 3 [66] explored a similar framework for the Industrial Metaverse but
with a limited focus on a single task, which restricted its generalizability and robustness across
multiple tasks. As the complexity of task-oriented communication increases, particularly in
dynamic and real-time environments like the Industrial Metaverse, future systems must consider
how to scale and adapt across diverse tasks and contexts.
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2.1.5 Prediction and Scheduling in Co-Design Frameworks

In the context of co-design frameworks for CPS, scheduling and prediction have emerged as
fundamental research areas that directly influence system performance. Effective scheduling
strategies ensure that communication, computation, and control tasks are allocated with mini-
mal delays and maximum resource utilization. Similarly, prediction techniques are employed to
forecast future system states, enabling proactive adjustments to prevent performance degrada-
tion. Together, these two elements are crucial for achieving real-time performance in complex,
dynamic environments where uncertainties such as communication delays, computational over-
loads, and control disruptions are prevalent.

Over the years, scheduling has evolved from basic task allocation strategies in static systems
to more adaptive and dynamic approaches that consider time-varying workloads, resource avail-
ability, and task priorities. Early works in scheduling mainly focused on cyclic scheduling and
fixed priority schemes, where tasks were allocated at predefined intervals based on static priori-
ties or deadlines [67]. However, as systems became more complex, researchers began integrat-
ing dynamic scheduling approaches that adapt to changing system conditions, such as network
congestion or computational load [68]. This led to the development of real-time scheduling al-
gorithms, such as Earliest Deadline First (EDF) and Rate-Monotonic Scheduling (RMS), which
dynamically adjust task execution based on priority or deadline requirements [69]. Alongside
scheduling, prediction has seen significant advancement as a tool for enhancing system effi-
ciency. Early prediction methods were largely focused on predicting simple metrics, such as
packet loss or communication delay, in isolated subsystems [70]. Over time, prediction tech-
niques have become more sophisticated, with researchers developing models to forecast the state
of the entire system, including control states, network conditions, and computational loads [71].
Modern prediction methods use machine learning and statistical modeling to make more accu-
rate forecasts based on historical data, allowing systems to anticipate and mitigate delays before
they occur [72].

DRL has played a pivotal role in transforming both scheduling and prediction within co-
design frameworks [12,27,30,66,73]. In scheduling, DRL allows systems to dynamically adjust
task priorities based on real-time feedback from the environment, improving both responsive-
ness and resource utilization [73]. By continuously learning from past decisions and outcomes,
DRL-based scheduling approaches can adapt to system fluctuations, such as changes in network
traffic or computational demands, ensuring that critical tasks are executed within strict time con-
straints. Similarly, in prediction, DRL has been applied to forecast future system states—such
as network congestion, computation loads, or control actions—by learning from the system’s
behavior over time [66]. This ability to anticipate future conditions enables proactive resource
management, ensuring that potential delays or system overloads are mitigated before they im-
pact performance [12, 27]. The integration of DRL with scheduling and prediction not only
enhances real-time performance but also enables systems to continuously adapt to uncertainties,
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making them more resilient and efficient in dynamic environments.
In summary, reinforcement learning has revolutionized the way prediction and scheduling

are approached in co-design frameworks. By continuously learning from system feedback and
adapting to dynamic conditions, DRL enhances the system’s ability to maintain real-time per-
formance across multiple subsystems. As CPS become more complex and interconnected, the
integration of DRL with co-design principles will play an increasingly critical role in ensuring
real-time performance, adaptability, and resilience.

2.2 Cyber-Physical Systems, Digital Twins, and Industrial Meta-
verse

Table 2.2: Conceptual Relationship among Cyber-Physical System, Digital Twin, and Industrial
Metaverse

Concept Definition Function Applications Relation with Oth-
ers

CPS Integration of
physical and dig-
ital components
via real-time data
exchange.

Monitoring,
control, opti-
mization.

Smart man-
ufacturing,
IoT, automa-
tion.

Forms the foundation
enabling DT and
industrial Metaverse
through real-time
interaction.

DT Digital model of a
physical entity up-
dated by real-time
data.

Simulation,
prediction,
optimization.

Industry, lo-
gistics, smart
cities.

Core element of CPS;
bridges CPS and
industrial Metaverse
by mirroring physical
systems.

Industrial
Metaverse

Immersive virtual
space combining
VR/AR and digi-
tal twins.

Interaction,
visualization,
collabora-
tion.

Education,
industry, en-
tertainment.

Extends CPS and DT
into virtual environ-
ments for real-time
human–machine
interaction.

CPS integrate physical processes with computational elements, forming a feedback loop be-
tween the physical and digital worlds through real-time data collection and action execution via
sensors and actuators. A key component of CPS is DT, which provide digital replicas of physical
systems, continuously updated with real-time data for efficient monitoring, predictive analysis,
and optimization. This integration of CPS and digital twins extends into the Industrial Meta-
verse, where immersive virtual environments, using real-time interaction between digital and
physical replicas, enable new opportunities in areas like remote collaboration [74], training [75],
and entertainment [76]. To clarify their interconnections and complementary roles, the key char-
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Figure 2.1: Illustration of a typical CPS framework. The system integrates the physical and
cyber spaces through sensing, communication, computing, and control loops.

acteristics and relationships among CPS, DT, and the Industrial Metaverse are summarized in
Table 2.2 [1, 16, 52, 74–77]. Together, these technologies enable enhanced decision-making,
operational efficiency, and new modes of interaction in both physical and virtual realms.

Edge computing plays a critical role in CPS by offloading computational tasks from the
cloud to edge devices. This reduces latency and ensures real-time processing, which is vital for
time-sensitive applications. By distributing resources more efficiently, edge computing helps
improve the responsiveness and scalability of CPS [27]. However, challenges related to latency
and reliability persist in CPS, especially for safety-critical systems where delays or failures can
lead to catastrophic consequences [14]. Ensuring real-time performance and high reliability
requires advanced scheduling, prediction models, and fault tolerance strategies.

The following sections will explore each of these components in more detail, examining
their roles, challenges, and emerging technologies.

2.2.1 Fundamentals of Cyber-Physical System and Digital Twin

A CPS establishes a tight integration between the physical world and the digital world, enabling
real-time perception, computation, communication, and control. As shown in Fig. 2.1, the CPS
framework consists of multiple interrelated layers spanning both physical and digital domains.
In the physical reality, sensors continuously collect environmental and operational data—such
as position, temperature, or vibration—from devices and production environments. These data
are transmitted to controllers and actuators, which execute control commands to influence the
physical system in real time. Humans also participate in this loop as operators or supervisors,
providing high-level decision-making and ensuring system safety [15]. In the digital reality,
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the collected data are transmitted through a communication network to computing resources
distributed across edge and cloud infrastructures. Within this space, data are stored, processed,
and analyzed to generate system insights. Algorithms running on these platforms perform tasks
such as fault detection, predictive control, and optimization, thereby transforming raw sensor
data into actionable intelligence [78].

Bridging the two realities, communication networks serve as the information backbone of
CPS, ensuring reliable and low-latency transmission required for real-time feedback and co-
ordinated control [47]. The tight feedback loop between sensing, computation, and actuation
allows CPS to achieve high autonomy, adaptability, and robustness in dynamic environments.
DT extend CPS by creating high-fidelity virtual representations of physical assets, processes, or
systems. These digital replicas maintain continuous synchronization with their physical coun-
terparts through real-time data exchange. DTs enable simulation, prediction, and optimization
within the digital space, offering a virtual environment for testing and decision-making without
interfering with the physical system [13].

A typical CPS operates as a closed-loop workflow that continuously integrates sensing, com-
putation, communication, and control to maintain real-time interaction between the physical and
digital domains. This process can be conceptually divided into six interdependent stages:

1. Sensing: Physical processes are continuously monitored through distributed sensors, cap-
turing heterogeneous and time-varying environmental data.

2. Semantic Abstraction: The raw sensory data are preprocessed and abstracted into mean-
ingful digital representations, often selecting or compressing information according to
task relevance.

3. Communication: Processed data are transmitted across wired or wireless networks un-
der latency and reliability constraints, ensuring that time-critical information is delivered
promptly.

4. Control and Decision: Based on received data, computational modules perform state
estimation, prediction, or decision-making to generate appropriate control actions.

5. Rendering and Actuation: The generated control commands are executed through actu-
ators or visual interfaces, applying adjustments to the physical environment or providing
real-time feedback to human operators.

6. Feedback and Adaptation: The results of these actions are observed and fed back into
the loop, updating system models, refining control policies, or reprioritizing communica-
tion tasks to improve long-term performance.

This cyclical workflow emphasizes continuous perception, computation, and actuation, form-
ing the foundation of modern task-oriented and adaptive CPS architectures.
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Building upon this foundational architecture, numerous researchers have proposed optimiza-
tions and extensions tailored to specific application demands or system-level constraints. Some
studies focus on enhancing communication reliability and latency, developing adaptive proto-
cols and edge-assisted data transmission strategies to ensure stable feedback in dynamic in-
dustrial environments [79]. Others concentrate on computing and control integration, optimiz-
ing scheduling, task offloading, and resource allocation to improve real-time performance and
energy efficiency [80]. In addition, task-oriented frameworks have been introduced to align
system objectives directly with application goals, emphasizing end-to-end performance rather
than isolated subsystem metrics [81]. These advancements collectively enrich the traditional
CPS–DT architecture, evolving it from a static data–control loop into an intelligent, adaptive,
and task-aware ecosystem that supports complex applications such as autonomous production,
human–robot collaboration, and immersive industrial Metaverse systems.

2.2.2 Human–Digital–Physical Integration in the Industrial Metaverse

The Metaverse represents the next evolutionary stage of cyber–physical convergence, enabling
seamless integration among humans, digital agents, and physical entities. Unlike conventional
CPS, which primarily emphasize real-time control and monitoring, the Metaverse focuses on
immersive interaction, collaborative operation, and bidirectional synchronization between the
physical and digital domains [16, 17]. Through technologies such as XR, digital twins, haptic
interfaces, and high-fidelity simulation, users are able to perceive, manipulate, and interact with
virtual replicas of physical systems in real time [18, 60]. This human–digital–physical loop
transforms traditional one-way monitoring architectures into shared, interactive ecosystems that
emphasize perception, cognition, and decision-making.

In the industrial domain, this paradigm has evolved into the Industrial Metaverse, where
digital twins, IIoT, and intelligent automation converge to support next-generation smart man-
ufacturing [18]. By integrating immersive visualization and predictive analytics, the Industrial
Metaverse enhances situational awareness, human–robot collaboration, and system-level adapt-
ability [82]. Recent implementations have demonstrated its capability in remote collaboration,
operator training, process optimization, and agile fault diagnosis [19]. These developments
highlight the Industrial Metaverse as a core enabler of Industry 5.0, emphasizing human-centric
intelligence and cyber–physical co-evolution.

However, achieving real-time human–digital–physical integration introduces stringent re-
quirements on latency, reliability, and computational efficiency. The continuous synchronization
between physical assets and their digital counterparts demands massive sensing data throughput,
high computing density, and deterministic communication performance [83]. Traditional cloud-
based infrastructures are often insufficient to support such requirements, particularly under dy-
namic workloads and heterogeneous device coordination [84]. Therefore, advanced edge com-
puting architectures, distributed resource offloading, and task-oriented co-design frameworks
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have been proposed to balance computation, communication, and control demands across multi-
ple layers [60]. These challenges and emerging solutions are discussed in detail in the following
sections on Edge Computing and Resource Offloading and Latency and Reliability Challenges
in CPS.

2.2.3 Edge Computing and Resource Offloading in CPS

As CPS become increasingly distributed and data-intensive, traditional cloud-centric architec-
tures often struggle to meet real-time and reliability requirements. To address this, edge com-
puting has emerged as a key enabler that brings computation and intelligence closer to data
sources, bridging the gap between end devices and centralized cloud servers. By distributing
computation, communication, and control workloads across hierarchical layers — cloud, edge,
and device — CPS can achieve faster response times, improved scalability, and enhanced ro-
bustness.

By balancing the heterogeneous communication, computation, and control capabilities of
different devices, and offloading some or all tasks to the edge or cloud, collaborative computing
and multidimensional resource sharing (including communication, caching, and processing) can
be efficiently achieved in industrial CPS [85–91]. Recent research has further explored how in-
telligent offloading mechanisms can dynamically optimize this balance under varying workloads
and network conditions.

For instance, to handle the complexity and diversity of tasks in CPS, the authors in [85]
proposed a task offloading scheme for Mobile Edge Computing (MEC) systems that minimizes
deadline violations by using task migration, merging, and deep learning to optimize execu-
tion order and reliability. To improve fault management and system agility, [86] introduced
a low-code intelligent fault diagnosis platform that integrates cloud-based infrastructure with
edge-adaptive systems, demonstrating enhanced responsiveness in wind turbine and reduction
gear systems. Furthermore, leveraging accurate digital representations of heterogeneous de-
vice and network parameters in dynamic IIoT scenarios, edge-based DT models have been con-
structed to capture time-varying demands with low latency [87]. In [88], the authors proposed
a cloud–edge–end collaborative computation offloading scheme driven by a DT-based Edge
Coalition Formation methodology, improving the overall efficiency and utility of edge servers.

These developments collectively demonstrate that integrating edge computing and resource
offloading into the CPS–DT architecture enables real-time intelligence, scalable deployment,
and resilient control, laying the groundwork for future industrial applications that require both
autonomy and human-in-the-loop interaction.
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2.2.4 Latency and Reliability Challenges in CPS

Building on the advances in edge computing and collaborative offloading, ensuring real-time
responsiveness and ultra-high reliability remains one of the most critical challenges in modern
CPS. While edge computing alleviates network congestion and reduces end-to-end latency, the
performance of large-scale distributed systems is still constrained by heterogeneous communica-
tion links, resource imbalance, and dynamic workloads. These challenges are further amplified
in emerging immersive applications such as the CPS, which demand strict coordination between
physical devices, digital models, and human interactions.

Despite rapid advances in 5G and ongoing developments toward 6G, a substantial perfor-
mance gap persists between existing network capabilities and the stringent requirements of real-
time CPS and the industrial Metaverse services. Conventional KPIs such as latency, reliability,
and throughput do not directly correspond to task-level metrics like motion-to-photon delay,
semantic perception accuracy, or control stability [16]. Furthermore, communication, compu-
tation, and control subsystems are often developed independently [92], leading to inefficient
resource utilization and increased coordination overhead. Future 6G systems must therefore
support massive heterogeneous devices and dynamic workloads through hierarchical cloud–edge
architectures to ensure end-to-end performance [93].

Another fundamental challenge lies in timely and accurate synchronization between physical
and digital spaces. Digital Twins, defined as multiphysical and probabilistic digital counterparts
of real systems [3], are central to maintaining this synchronization. However, current infras-
tructures remain insufficient for the large-scale, real-time data exchange required by complex
CPS and the industrial Metaverse environments. Recent studies have explored edge-assisted
and learning-based optimization for digital twin placement, migration, and model synchroniza-
tion [76,84,94], which have shown promising improvements in latency and fidelity. Nonetheless,
coordinating heterogeneous computing, communication, and storage resources at scale remains
an open research problem.

To bridge the mismatch between network-level and task-level performance, recent works
have adopted task-oriented cross-system co-design approaches that jointly optimize communi-
cation, computation, and control processes. Such frameworks directly target task success—e.g.,
perception accuracy or interaction stability—rather than conventional communication metrics [83,
95]. By integrating edge intelligence, predictive modeling, and dynamic resource management,
these methods significantly enhance real-time performance and user experience in large-scale,
immersive CPS. However, challenges persist in developing unified semantic representations [96]
and scalable optimization algorithms to solve the inherently non-convex problems of cross-
system coordination.
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2.3 Human Interaction in CPS

Within the CPS framework, human interaction serves as a critical component that enables adap-
tive control, situational awareness, and shared decision-making among humans, machines, and
networked environments. However, the inherent complexity and dynamic coupling among com-
munication, computation, and control modules make traditional model-based design insufficient
for achieving optimal performance in real-world applications. To address these challenges,
DRL-based methods have emerged as powerful tools for co-design optimization, offering the
ability to learn adaptive policies that jointly enhance communication efficiency, control stabil-
ity, and computational allocation [27, 29].

In this context, DRL provides a unified framework for optimizing system-wide objectives
through continuous interaction with the environment. By observing feedback from both human
operators and physical dynamics, the DRL agent can adjust communication strategies, control
parameters, and task scheduling to maintain E2E performance under uncertainty [4, 27]. Mean-
while, meta-learning accelerates adaptation to new users or tasks by learning generalized priors
that can be rapidly fine-tuned with minimal data, thereby supporting personalized and resilient
human–machine collaboration [97]. When combined with HITL based DRL and Reinforcement
Learning from Human Feedback (RLHF), these frameworks further align system behavior with
human intent and safety constraints [4, 98].

2.3.1 Learning-Based Co-Design Optimization in CPS

DRL provides a unified framework for decision-making and optimization in dynamic and un-
certain environments, making it particularly suitable for CPS co-design problems [27]. Unlike
supervised learning, which requires labeled datasets, DRL enables an intelligent agent to learn
optimal policies through continuous interaction with the environment. At each time step, the
agent observes the system state, executes an action, and receives a scalar reward that reflects the
task objective. By maximizing the long-term expected reward, the agent learns to balance com-
peting objectives such as latency, reliability, energy efficiency, and control accuracy [29]. The
core of DRL lies in policy optimization, where a parameterized policy πθ (a|s) maps observed
states s to actions a, and the parameters θ are iteratively updated using reward feedback and
value estimation.

This learning mechanism aligns naturally with the closed-loop structure of CPS. In a typical
CPS, sensing, communication, computation, and control form a continuous feedback loop that
governs system performance. DRL agents can be embedded into this loop to optimize cross-
domain decisions, such as selecting which sensory data to transmit, determining when to offload
computational tasks, or adjusting control gains under uncertain network conditions [30]. By in-
teracting with both digital models and real-world feedback, the DRL-based co-design framework
learns policies that jointly optimize the communication–computation–control chain, improving
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end-to-end stability and responsiveness [61].
Moreover, DRL provides a flexible mechanism for multi-objective optimization, where the

system reward function can integrate heterogeneous metrics across layers—such as throughput,
delay, control error, or user experience—into a unified performance criterion. This enables CPS
to self-adapt to changing task requirements and operating conditions without explicit analyti-
cal modeling, overcoming the limitations of traditional modular optimization. Consequently,
learning-based co-design represents a key step toward realizing intelligent, autonomous, and
human-aware CPS capable of optimizing global performance through experience-driven adap-
tation.

2.3.2 Human-in-the-Loop Control and Tele-operation

HITL control represents a critical paradigm in CPS, where human operators, intelligent agents,
and physical systems jointly close the perception–decision–action loop [4]. Unlike conven-
tional automated control systems, HITL frameworks incorporate human perception, cognition,
and decision-making capabilities, allowing flexible adaptation to uncertain, dynamic, or safety-
critical environments [20]. Teleoperation extends this paradigm by enabling remote interaction
through real-time sensing, communication, and actuation, allowing human operators to manip-
ulate or supervise physical assets via digital interfaces or haptic feedback systems [37].

The inclusion of humans in the control loop introduces strong bidirectional coupling between
human perception and system dynamics. Humans not only influence the system through con-
trol inputs, but also continuously adjust their responses based on system feedback. This mutual
dependence makes real-time performance a critical requirement: any delay, jitter, or inconsis-
tency in communication and rendering can degrade both system stability and human perception
of transparency [31]. For instance, excessive motion-to-photon latency in teleoperation or vir-
tual reality systems can cause motion sickness or operational errors, while control delay may
destabilize feedback loops [82]. Hence, ensuring low-latency and high-reliability communica-
tion becomes essential not only for system performance but also for maintaining natural and safe
human experience.

To mitigate these challenges, advanced HITL architectures employ predictive control, delay
compensation, and shared autonomy to dynamically balance control authority between human
operators and autonomous agents [33]. Transparency—the human’s ability to perceive, under-
stand, and anticipate system behavior—plays a pivotal role in preserving trust and operational
efficiency, especially under constrained bandwidth or delayed feedback conditions. Recent re-
search integrates learning-based techniques, where reinforcement learning and adaptive mod-
eling are used to predict human intent and compensate for network-induced latency [20, 66].
These developments enable smoother coordination, improved responsiveness, and reduced cog-
nitive load during complex teleoperation tasks.

In summary, HITL control transforms CPS from purely automated systems into human inter-
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action ecosystems, where human perception and system intelligence must be co-optimized. The
dual requirement of real-time responsiveness and transparency makes it essential to jointly de-
sign communication, computation, and control mechanisms that respect both physical dynamics
and human cognitive constraints. This motivates the integration of learning-based adaptation, as
discussed in the next section on meta-learning and preference-based human adaptation.

2.3.3 Meta-Learning for Human Adaptation

Meta-Learning provides a promising mechanism for rapid adaptation in CPS, where human be-
haviors, task dynamics, and environmental conditions vary significantly over time [97]. Unlike
conventional learning methods that train models for specific tasks, meta-learning aims to ac-
quire transferable priors that enable the system to quickly adapt to new situations with minimal
retraining. This capability is particularly critical in HITL scenarios, where human motion pat-
terns, control preferences, or cognitive responses are highly individual and non-stationary [4].

In the context of CPS and teleoperation, meta-learning facilitates personalized and adap-
tive control by continuously updating control policies according to human feedback. Model-
Agnostic Meta-Learning (MAML) and its variants, such as Reptile and Meta-SGD, have been
employed to initialize control policies that can be fine-tuned to specific operators using only a
few interaction samples [97]. This enables the system to accommodate variations in human reac-
tion speed, force application, and perception latency while maintaining overall control stability
and transparency. For example, in shared control and telemanipulation, meta-learned policies
allow the controller to adapt to new users or tasks in real time, reducing calibration time and
improving task accuracy [99].

Beyond single-task adaptation, meta-learning also plays a key role in multi-task and sequential-
task settings, which are common in industrial and collaborative CPS environments. In these
systems, tasks often evolve over time—from perception and manipulation to decision-making
and planning—each requiring different control strategies. Multi-task meta-learning frameworks
enable the system to transfer knowledge across related tasks, improving generalization and re-
ducing the data required for retraining [35]. Similarly, hierarchical or phase-based meta-learning
approaches allow adaptation across different stages of complex workflows, such as assembly, in-
spection, or maintenance, ensuring consistency and robustness across changing objectives [32].
These capabilities make meta-learning particularly suited for dynamic, human-centered indus-
trial systems, where task structures and operator interactions continuously evolve.

Furthermore, meta-learning serves as a bridge between DRL and human adaptation in co-
design frameworks. Traditional RL approaches often require extensive interactions to converge,
which is impractical in HITL systems due to user fatigue and safety constraints. Meta-RL meth-
ods, such as context-based policy adaptation or gradient-based meta-policy optimization, enable
efficient policy transfer across tasks and users [32]. By embedding prior knowledge about hu-
man intent and system dynamics, these methods accelerate convergence and reduce exploration
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overhead, making them well-suited for online adaptation in complex human–cyber–physical
environments.

2.3.4 Preference Learning in Human–Robot Interaction

RLHF have emerged as key techniques for aligning machine behavior with human intent, com-
fort, and satisfaction in CPS and Human-Robot Interaction (HRI) systems [98]. Unlike tradi-
tional reinforcement learning, which relies solely on explicit reward functions, RLHF leverages
human evaluations or preferences to guide policy learning, thereby bridging the gap between al-
gorithmic optimization and subjective human experience. This alignment is essential in shared
autonomy, teleoperation, and collaborative robotics, where task success is not determined purely
by system efficiency but also by perceived safety, transparency, and trust [33].

In preference learning frameworks, human feedback is typically collected in the form of
pairwise comparisons, rankings, or scalar ratings, which are used to infer an implicit reward
model representing the human’s latent objective [36]. By integrating these models with rein-
forcement learning algorithms, robots and control systems can iteratively refine their policies
to better reflect human judgments, even in scenarios where explicit task rewards are difficult
to define. Recent studies have demonstrated that preference-based RL can be employed to op-
timize complex behaviors in high-dimensional control tasks such as dexterous manipulation,
telepresence control, or social interaction [34].

RLHF extends this concept by embedding human evaluative signals—such as approval, cor-
rection, or physiological responses—into the training loop [100]. In HRI, RLHF allows systems
to learn nuanced human preferences for motion smoothness, timing, and response under real-
time constraints. For example, an assistive robot can adapt its grasping speed or trajectory
smoothness based on continuous human feedback, achieving not only functional accuracy but
also user comfort and trust. These adaptive mechanisms are crucial in dynamic and uncertain
environments where predefined cost functions fail to capture human-centered goals.

Moreover, combining RLHF with meta-learning enhances adaptability across users and con-
texts. Meta-preference learning frameworks can rapidly infer new users’ preferences from lim-
ited interactions and generalize across different tasks or behavioral domains [33]. This integra-
tion enables the design of personalized co-adaptive systems capable of evolving their behavior
to reflect individual needs, skill levels, and interaction histories.

In summary, preference learning and RLHF establish a foundation for truly human-aligned
CPS, where system intelligence not only pursues objective performance but also accounts for
subjective human experience. By embedding human feedback into the co-design loop, these ap-
proaches move beyond traditional automation toward collaborative intelligence—where humans
and machines jointly optimize shared goals in real time.
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2.4 Summary and Research Gaps

The reviewed literature has established the foundation for integrated CPS and Industrial Meta-
verse systems that combine communication, computation, and control through cross-system
co-design. However, existing studies remain fragmented, often neglecting human adaptation
and preference alignment as integral components of system intelligence. To address these lim-
itations, this thesis develops a unified, task-oriented, and human-adaptive co-design framework
that bridges learning-based optimization and human feedback integration. The following gaps
summarize the key technical deficiencies that motivate this work:

• Human-in-the-Loop Task-Oriented Co-Design.

Current co-design frameworks optimize subsystems independently and seldom consider
dynamic human feedback during task execution. There is a lack of a real-time, task-
oriented paradigm that unifies communication, computation, and control through HITL
adaptation. This thesis introduces a DRL-based co-design model that jointly optimizes
system resources and control actions according to task-level KPIs such as MTP and AoL,
enabling adaptive coordination across heterogeneous domains.

• Meta-Learning for Multi-Task and Human Adaptation.

Most existing DRL frameworks struggle to generalize across different tasks, users, or
environments. A meta-learning-based methodology, such as MAML, is required to ac-
celerate policy transfer and ensure personalized control in multi-task industrial scenarios.
This thesis formulates a HITL meta-learning framework that continuously adapts to new
operators and evolving task conditions, thereby enhancing generalization and reducing
retraining overhead.

• Preference-Aware Reinforcement Learning and Human Feedback Alignment.

Traditional DRL relies on explicit rewards, which fail to capture human intent and subjec-
tive comfort. Integrating preference learning and RLHF into the co-design loop remains
an open challenge. This thesis bridges this gap by modeling implicit human feedback as
latent reward signals, allowing the system to learn policies that balance task efficiency,
transparency, and user satisfaction in a unified optimization process.

• Integrated Evaluation and Human-Centered Validation.

Despite the conceptual advances in human-centered CPS, there remains a lack of experi-
mental validation that links task-level performance metrics to human experience indicators
such as perceived trust, transparency, and cognitive load. This thesis implements a pro-
totype platform integrating predictive control, preference-aware learning, and real-time
human feedback, providing a comprehensive evaluation framework for assessing the ef-
fectiveness of human–machine co-design.
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In summary, these research gaps highlight the need for a unified co-design paradigm that
synergizes human-in-the-loop learning, meta-adaptive generalization, and preference-aware op-
timization. Addressing them is crucial for advancing intelligent, trustworthy, and task-oriented
CPS and Industrial Metaverse systems capable of real-time collaboration between humans and
machines.



Chapter 3

User-Centric Reinforcement Learning in
Co-design CPS Framework

3.1 Introduction

The Metaverse is envisioned as the next generation of the internet, which aims to revolutionize
the connections among humans, real-world devices, and virtual objects [16]. The virtual ob-
jects in the Metaverse can be considered as the digital mirror of the real world which is called
“digital twins" [3]. Digital twins can help to simulate real situations and their outcomes, ulti-
mately allowing them to make better decisions. For example, remote orthopedic surgery enables
patients in underserved areas to access specialized surgical expertise without the need for ex-
tensive travel. It can combine advanced technologies to replicate the surgeon’s skills, enhance
visualization, and ensure real-time communication, ultimately improving patient outcomes and
expanding the reach of specialized medical care [54].

Although the Metaverse realizes more advanced interaction, there are still many challenging
problems remaining to achieve the full vision of the Metaverse. First, the increasingly ubiquitous
application of AI and growing sophistication of rendering techniques in the Metaverse imposes
a substantial burden on computational resources. At the same time, various heterogeneous data
from different sensors need to be transmitted, thus challenging the data rate, latency, and reli-
ability of the communication system to achieve seamless interconnectivity and immersive user
experience [6]. The fine-grained KPIs in VR video streaming have been released in [43], where
the typical KPIs include 1 Gbps (smooth play) or 2.35 Gbps (interactive) data rate [8] to support
8K resolution, 120 FPS, and 360 degree visual field VR video streaming. Besides, the seamless
transmission of haptic sensor feedback is also crucial for achieving an immersive experience
in the Metaverse. Latency in data transmission is particularly critical for haptic feedback since
humans are more sensitive to touch delays than audio or visual ones [101]. In light of this, un-
like traditional communication systems designed for high data rates in audio and visual media,
the Tactile Internet (TI) prioritizes replicating the sense of touch and kinesthetics [5]. To cre-

33
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Figure 3.1: Proposed real-time interactions framework for humans, a real robotic arm, and its
coupled virtual robotic arm in the Metaverse, where sensing, communication, predication, con-
trol, and rendering are considered.

ate a seamless experience in teleoperation, the Tactile Internet necessitates ultra-low round-trip
latency, ideally below 1 ms [101]. This ensures near-instantaneous responses to user actions,
mimicking human reaction times and providing realistic sensing feedback in the virtual world.
However, existing 5G network standards struggle to meet the stringent requirements of tactile
internet [5].

Furthermore, the human-in-the-loop control structure in the Metaverse makes eliminating
the effects of time delay even more complicated. Delayed control commands and feedback in
real-time interactions can significantly degrade the task performance in the Metaverse [102].
Although the effect of latency on human behavior has been initially investigated in teleoper-
ation [9], the complex interactions and feedback in the Metaverse, as well as more precise
quantification, to predict human behavior remains difficult. This further makes it challenging
to deploy AI for training and testing. Therefore, how to design a system to improve real-time
interaction in the Metaverse is still an open issue.

Significant contributions have been made to reduce the latency in communication systems.
Prediction plays an important role in reducing the user-experienced delay in different VR sys-
tems [103] [12] [29] [27]. In [12], to reduce the latency, the author collaboratively optimized
the duration of the observation window for predicting tiles and the duration for computing and
transmitting these predicted tiles, aiming to achieve a balance in performance across prediction,
communication, and computing tasks to maximize QoE given any arbitrary predictor and con-
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figured resources. In [27], the authors considered the limitations of the computing capacity of
end-user devices, where an MEC-enabled wireless VR network is proposed to predict the field
of view (FoV) of each VR user by using the Recurrent Neural Network (RNN). However, these
efforts only considered the real-time experience of the user on the rendering side and did not take
into account the completion of the task in the case of real-time interaction and control. A recent
metric named AoI aims to quantify the freshness of information and is gradually used to reduce
the latency in real-time control scenarios [104]. In [105], the authors considered the computa-
tion of AoI in the case of real-time control with simultaneous sensing, controlling, and actuating.
However, these analyses were model-based and lack considerations regarding real-time human
interaction systems. It is not feasible for complex systems involving prediction, computation,
rendering, and control, especially in the case of human-in-the-loop. Our work [30] predicted the
behavior of a operator during real-time control and to reduce the control error of a robotic arm
from a task-oriented perspective thereby eliminating the effect of latency. However, the analysis
was based on offline data training and testing and did not directly address the latency problem
of real-time systems with a human in the loop.

3.2 Conributions

In this chapter, we aim to solve the following problems: 1) How to eliminate the effects of
time delay among different subsystem components to achieve real-time interactions? 2) How
to do the cross-system design, integrating the domain knowledge of the user behavior to solve
the human-in-the-loop real-time interaction issue. 3) How to design the prototype to verify
the effectiveness of the proposed DRL algorithm. The main contributions of this paper are
summarized as follows:

• We established a novel framework for real-time interactions through the virtual robotic
arm in the Metaverse with its coupled real-world remote device, where sensing, commu-
nication, prediction, control, and rendering are jointly considered. Specifically, we jointly
predict the motion of the human controller for 1) proactive rendering in the Metaverse
and 2) generating control commands to the real-world robotic arm in advance. The vir-
tual model is decoupled into two functions for real-world robotic control and rendering
feedback, respectively.

• We developed a two-step human-in-the-loop continuous DRL approach based on the ad-
vanced PPO algorithm to adjust the prediction horizons for rendering and control dynam-
ically. We take the expert knowledge, e.g., AoL as the state for improving the training
efficiency.

• We built a prototype including input device, a real-world robotic arm and its digital model
in the Metaverse. Extensive experiments are carried out in the prototype and our proposed
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Figure 3.2: The workflow of the proposed framework, where the modeling accuracy and the
latency need to be satisfied.

method can reduce 1) the MTP latency between human motion and rendering feedback
and 2) the RMSE between human motion and real-world remote device significantly.

3.3 System Model

As shown in Fig 3.1, the framework consists of three parts, an operator operating the input de-
vice, the Metaverse with a virtual robotic arm, and a real-world workspace with a real robotic
arm. The operator and the two workspaces are at a distance, communicating through a wireless
channel. Due to communication delay between the operator and the two workspaces, and the
delays caused by prediction, computation, and rendering processes, discrepancies exist in the
perceived trajectory of the virtual robotic arm, the real-world remote robotic arm, and the oper-
ator’s control commands. When the operator operates the controller, the commands are sampled
and predicted to 1) compensate for the MTP latency between human motion and rendering feed-
back and 2) reduce the RMSE between human motion and the real-world remote device.
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3.3.1 Information Flow

As shown in Fig 3.2, the proposed framework comprises two information flows served for two
functions: real-world robotic control and the rendering feedback. The total time duration of
real-world robotic control, denoted as Tcc, encompasses all delays from sensing the movement
of the operator through the data transmission, Metaverse data processing, and real-world robotic
control. It indicates the time duration from the initiation of a control command by the operator
to its execution by the robotics. During the process, the operator operates the input device
and generates a series of poses {p1,p2, ...,pi} which are sampled by the built-in sensor. This
introduces the sensing delay Ts. At the same time, we maintain a queue with a fixed length to
store these samples. Next, an agent decides the length of the prediction horizon based on the
freshest samples P(t) in the queue, followed by a predictor generates the predicted pose for the
rendering p̂r(t) and control p̂c(t). Limited by the decision frequency, this process causes a queue
delay Tq and a prediction delay Tp. Then, p̂r(t) and p̂c(t) are transmitted to the Metaverse via
networks and the queue is emptied. This process introduces the communication delay To. After
that, the predicted poses p̂r(t) and p̂c(t) will be processed in the Metaverse taking into account
the simulation or feedback of the environment to generate a joint acceleration control command
for the robot and then be interpolated for trajectory smoothing. This will incur a computational
delay Tc and interpolation delay Ti. Finally, the command is transmitted to the real-world robotic
arm via a communication channel for actuation, incurring a communication delay Tl . Therefore,
the total time duration of the function of real-world robotic control Tcc is expressed as

Tcc = Tp +To +Tc +Ti +Tl. (3.1)

On the other hand, the total time duration of the rendering feedback, denoted by Tcr, encom-
passes all delays from the sensing of movement of the operator, data transmission, Metaverse
data processing, rendering, and feedback display. It indicates the duration from the initiation
of a movement by the operator to his perception, which also refers to the MTP [106], which
is measured as the time difference between the operator input event and the corresponding ren-
dered visual feedback, including sensing, communication, computation, and rendering delays.
Specifically, time delays before the step of the Metaverse process are identical to those of real-
world robotic control. In addition to the delay of generating control commands for the robotic
arm Tc, the virtual environment is also simulated and rendered in the Metaverse, which incurred
a rendering delay Tr. Next, the rendered image is streamed back to the user side, which in-
curs a communication delay Tv. Therefore, the total time duration of the function of rendering
feedback Tcr is expressed as,

Tcr = Tp +To +Tc +Tr +Tv. (3.2)

In the following subsection, we discuss these sub-components in detail.
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3.3.2 Operator Side

On the operator side, we utilize the 3D Touch haptic device [107] as the input device. In the
t-th time slot, when the operator operates the handle of the 3D Touch, the sampled pose p(t) is
denoted by

p(t) = [lx(t), ly(t), lz(t),qx(t),qy(t),qz(t),qw(t)], (3.3)

where [lx(t), ly(t), lz(t)] is the position of the handle in the Cartesian coordinate system and
[qx(t),qy(t),qz(t),qw(t)] represents the orientation vector in quaternion [108]. To compensate
for the time delay discussed in Section 3.3.1, we propose to use ARMA as the predictor for
its low computational complexity, robustness, and no need for pre-training [109]. It is worth
noting that our designed framework can be easily replaceable with other prediction algorithms.
Specifically, in time slot t1, given historical poses P(t1) = [p(t1−Wp),p(t1−Wp+1), ...,p(t1)],
ARMA predicts poses for real-time robotic control p̂c(t1 + Hc(t1)) and rendering feedback
p̂r(t1 +Hr(t1)) respectively. This is expressed by,

[p̂c(t1 +Hc(t1)),p̂r(t1 +Hr(t1))] =

Fp(P(t1),θp,Hc(t1),Hr(t1)), (3.4)

where θp denotes the parameters of the prediction. Hc(t1) and Hr(t1) represent the lengths of
prediction horizons for both functions. These lengths are dynamically determined by an agent
following the policy πθ trained by the DRL algorithm. This is expressed by,

[Hc(t1),Hr(t1)] = πθ ([p(t1),∆L(t1)]), (3.5)

where ∆L(t1) is the AoL, which is defined as

∆L(t) = t−U(p′(t)), (3.6)

where p′(t) is the last sampled pose that controls the robotic arm and U(·) is the generation time.

3.3.3 The Metaverse

We establish the Metaverse based on the Nvidia Omniverse Isaac Sim [110]. We decouple the
two functions; i.e., real-time robotic control and rendering feedback in the Metaverse. After
receiving the predicted poses [p̂r(t1), p̂c(t1)] from the operator side, in time slot t2, the control
command of virtual robotic arm for two functions are computed separately, which is expressed
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by,

T̃c(t3) = [τ̃1(t3), ..., τ̃I(t3)] = F c(p̂c(t1),θc), (3.7)

T̃r(t2) = [τ̃1(t2), ..., τ̃I(t2)] = F r(p̂r(t1),θr), (3.8)

where the parameters of both controlling functions are denoted by θr and θc, respectively. The
target joint angle of the i-th robotic arm joint is denoted by τ̃i(t). Here, we propose to use the
RMPFlow control algorithm to compute the joint acceleration for the virtual robotic arm in the
Metaverse, which is a highly effective robotic control algorithm that combines local strategies
to generate a cohesive global strategy based on the Riemannian Motion Policies (Riemannian
Motion Policy (RMP)) [111,112]. Specifically, for the i-th joint of a robot, the target acceleration
q̈i(t) in the t-th time slot for virtual robotic arm actuation is calculated by,

q̈i(t) = πr(q(t), q̇(t)) = kpR(q′i(t)−qi(t))− kdq̇i(t), (3.9)

where q′i(t) is the target position vector, kp represents the position gain determining the strength
of configuration pull towards the target, and kd represents the damping gain determining the
amount of resistance. The robust capping function R(u(t)) is defined as,

R(u(t)) =

u(t), ||u(t)||< θ

θu(t)/||u(t)||, otherwise
(3.10)

where the position vector is defined as u(t), θ represents the distance at which the position
correction vector is capped, and || · || is the Euclidean norm of a position vector.

Then, the computing results of RMPFlow for real-world robotic control are further interpo-
lated by a trajectory smoothing algorithm [112] for narrowing the gap between sim and real,
which is expressed by

q̂i(t) =

α · q̂i(t ′)+(1−α) ·qi(t), te < td

q̂i(t ′), otherwise
(3.11)

where qi(t ′) is the last command and α represents the smooth parameter, which goes linearly
from zero to one with quadratic increase. The initialization of α is α = te/td and the update of
α is denoted by α = α ′ ·α ′.

For the function of rendering feedback, firstly, the virtual environment in the metaverse is
simulated discretely based on the minimum simulation step Tsi. In the j-th simulation step, the
Metaverse simulates the changes in the virtual environment based on the physical law over a
certain time, which is denoted by the simulation step length ∆t . During the simulation process,
the virtual robotic arm in the Metaverse can interact with the virtual objects. The simulation



3.3. SYSTEM MODEL 40

process in time slot t4 can be represented as

T̃s(t4) = Fu(T̃r(t2),θu,θe), (3.12)

where Fu(·,θu,θe) represents the rendering process θu represents the settings and parameters
for physical updates and θe represents the interaction with the environment.

Then, we render the image on the Metaverse side and send these frames back to the user
side. The rendering process is expressed by

Ir(t5) = Fr(T̃r(t4),θr), (3.13)

where Fr(·,θr) represents the rendering process and θr represents the settings and parameters
for rendering. The rendered framed is denoted by Ir(t). We assume that the processing time
for each image is represented by Tim time slots, thus the generated video refresh rate is fr =

1/(Ts · Tim). These rendering frames are then transmitted back to the user side through the
communication system.

The metaverse is also responsible for interpolating the control command T̃c(t3) generated
by the RMPFlow controller before sending it to the real-world workspace. This process will
smooth the trajectory, which is expressed by

T̃ci(t6) = [τ̃1(t6), ..., τ̃I(t6)] = F ci(T̃c(t3),θci), (3.14)

where Fci(·,θci) denotes the interpolation function, whose parameters are denoted by θci.

3.3.4 Real-world workspace

In the real-world workspace, we employ the UR3e robotic arm [113] as the physical actuator
for executing control commands generated in the Metaverse. Upon receiving the command tra-
jectory T̃ci(t6) transmitted from the Metaverse, the motion of the UR3e is planned and executed
through the Robot Operating System (ROS)-based MoveIt motion planning framework [114].
Within this framework, a joint position controller is adopted to achieve precise pose-level con-
trol, ensuring that the robot’s actual joint configuration follows the target trajectory computed in
the Metaverse with minimal deviation.

The mapping between the Metaverse-generated trajectory and the executed motion in the
real workspace can be formulated as:

T̃ rw(t7) = F rw(T̃ ci(t6),θrw), (3.15)

where F rw(·,θrw) denotes the motion planning and execution process in the MoveIt frame-
work, and θrw represents the control parameters and system configurations of the real robotic
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arm.
The MoveIt framework performs inverse kinematics and trajectory planning in real time,

transforming the received end-effector commands into feasible joint-space trajectories while en-
suring smooth and collision-free motion. By maintaining the same control logic and parameteri-
zation between the virtual and real robotic arms, the proposed framework achieves synchronized
motion across both environments. This design ensures that the operator perceives consistent
haptic and visual feedback, thereby preserving immersion and controllability in the Metaverse
interaction loop.

To emulate practical communication scenarios, a delay dvr is considered between the virtual
command generation and real-world execution, corresponding to the transmission latency intro-
duced by the network channel described in Section 3.3.5. This delay is experimentally adjusted
to analyze its influence on control performance and user experience in real–virtual coordination
tasks.

3.3.5 Networks

To ensure reliable communication between the operator, the Metaverse, and the physical robotic
workspace, we adopt the publish–subscribe communication mechanism provided by the ROS
framework [115]. This mechanism enables flexible, scalable, and modular data exchange, mak-
ing it well suited for complex Metaverse applications that require real-time synchronization
across heterogeneous devices and software systems. Through topic-based asynchronous com-
munication, various modules (e.g., haptic control, visualization, and robot control) can operate
independently while maintaining seamless interaction within the system.

To establish a baseline for network performance, we connect the control haptic device, the
Metaverse simulation server, and the robot-control computer using a wired local area network.
All components communicate via the User Datagram Protocol (UDP) protocol [116], which of-
fers low-latency and connectionless data transmission, thereby minimizing the impact of com-
munication delays. Under this setup, the end-to-end latency becomes negligible, allowing us to
accurately evaluate the system’s intrinsic performance.

To further analyze the influence of network latency on user experience and control stability,
we artificially introduce communication delays using the Linux Traffic Control (TC) tool [117].
This allows precise simulation of various delay conditions that mimic long-distance or unstable
network environments. By systematically adjusting the delay parameters, we can assess the ro-
bustness and adaptability of the proposed framework under different network conditions, which
is essential for real-world Metaverse–robot interaction scenarios.

In addition, the ROS communication architecture is compatible with a wide range of robotic
middleware and simulation platforms, such as NVIDIA Isaac Sim, facilitating seamless integra-
tion between real and virtual systems [110]. This flexibility ensures that the proposed network
setup can be easily extended to multi-robot or distributed Metaverse environments in future re-
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search.

3.4 Problem Formulation

3.4.1 Deep Reinforcement Learning

To achieve synchronization between the operator, the Metaverse, and the real-world robotic sys-
tem, we formulate an optimization problem that minimizes the root mean square error (RMSE)
between the poses of the input device and both robotic arms by adaptively optimizing the pre-
diction horizons Hc(t) and Hr(t). We employ the PPO algorithm as the baseline due to its high
sampling efficiency and stable performance in continuous control tasks [118]. To address the
challenge of human-in-the-loop data collection, a two-stage DRL training scheme is adopted:
the agent is first trained using recorded pose sequences and subsequently fine-tuned through
human-in-the-loop interaction.

State: In each time slot t, the system state st is represented as a concatenation of the latest
input pose p(t) and the AoL ∆L(t):

st =
[
s[1]t ,s[2]t

]
=
[
p(t),∆L(t)

]
, (3.16)

where s[1]t ∈ [−1,1]1×7 and s[2]t ∈ N.
Action: The action at time t determines the prediction horizon for both the real-world robotic

control and rendering feedback processes:

at =
[
a[1]t ,a[2]t

]
=
[
Hr(t),Hc(t)

]
, (3.17)

where at ∈ N1×2.
Reward: Given (st ,at), the instantaneous reward is defined as a weighted sum of the RMSEs

in position and orientation among the input device, the virtual model, and the real-world robot:

r(st ,at) = w1× (RMSEp(o(t),m(t))) (3.18)

+w2× (RMSEp(m(t),r(t)))

+w3× (RMSEo(o(t),m(t)))

+w4× (RMSEo(m(t),r(t))),

where RMSEp(·, ·) and RMSEo(·, ·) denote the RMSEs of position and orientation, respectively.
Here, o(t), m(t), and r(t) correspond to the poses of the input device, the virtual model, and the
real-world robotic arm.
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3.4.2 Problem Formulation

The control policy πθ (at | st) defines a probabilistic mapping from the current system state st

to the action at , where θ represents the trainable parameters of the policy network. The policy
aims to dynamically adjust the prediction horizons of the control and rendering loops, thereby
minimizing discrepancies among the user’s operation, the virtual model, and the real robotic
arm under time-varying network conditions.

Following the policy πθ , the expected cumulative reward over time is defined as

Rπθ = E

[
∞

∑
t=0

γ
tr(st ,at)

]
, (3.19)

where γ ∈ [0,1) is the discount factor that balances the influence of immediate and future re-
wards. This reward formulation encourages the agent to not only minimize the instantaneous
RMSE between trajectories but also maintain long-term stability and synchronization across the
Metaverse–robot interaction loop.

The optimization objective is to find an optimal policy π∗
θ

that maximizes the expected long-
term reward, i.e.,

π
∗
θ = argmax

θ

Qπθ (st ,at), (3.20)

Qπθ (st ,at) = E

[
∞

∑
t=0

γ
tr(st ,at)

∣∣∣s0 = s, a0 = a, πθ

]
, (3.20a)

where Qπθ (st ,at) denotes the expected return starting from (st ,at) and following policy πθ there-
after.

To ensure stable prediction and control within feasible physical and communication limits,
the prediction horizons are constrained by

0 < Pr(t)< Hr, (3.20b)

0 < Pc(t)< Hc, (3.20c)

where Hr and Hc denote the upper bounds of the prediction horizons for the rendering and
control loops, respectively. These bounds prevent overestimation of the prediction range, which
could otherwise lead to control instability or misalignment between virtual and real trajectories.

In summary, the formulated problem seeks an optimal adaptive policy π∗
θ

that minimizes
trajectory errors across multiple domains by dynamically adjusting Hc(t) and Hr(t) according
to the system’s perceived latency and state, ensuring synchronized behavior across the operator,
the Metaverse, and the physical workspace.



3.5. PROTOTYPE DESIGN AND RESULTS 44

3.5 Prototype Design and Results

To validate the proposed co-design framework, a real–virtual hybrid prototype system is estab-
lished, as shown in Fig. 3.3. The system integrates the operator side, the Metaverse, and the
real-world workspace into a closed interaction loop, enabling synchronized control, prediction,
and feedback for real-time human–robot collaboration.

On the operator side, a 3D Touch haptic device [107] is employed for motion input and feed-
back. The device captures the operator’s 6-DoF hand pose, including both position and orienta-
tion, at a high sampling rate. To mitigate perception and transmission delays, an ARMA-based
predictor is implemented to estimate future poses for both robotic control and visual rendering
tasks. The prediction horizon is dynamically adjusted by a deep reinforcement learning agent
following a policy πθ , allowing the system to adapt to variable latency conditions.

The Metaverse environment is constructed on the NVIDIA Omniverse Isaac Sim platform [110],
which supports both robotic control simulation and high-fidelity rendering. Two functional mod-
ules are decoupled in the virtual domain: real-time robotic control and rendering feedback.
The virtual robotic arm is actuated using the RMPFlow algorithm [111, 112], which generates
smooth and dynamically consistent joint accelerations. To bridge the simulation-to-reality gap,
a trajectory interpolation mechanism is applied for smoothing the computed trajectories before
dispatching them to the real-world controller. The Metaverse also simulates physics-based inter-
actions and renders visual frames, which are streamed back to the operator to ensure immersive
and coherent feedback.

In the real-world workspace, a UR3e robotic arm [113] is utilized as the physical actuator
to execute the control trajectories generated in the Metaverse. The system is developed on the
ROS and MoveIt motion planning frameworks [114], enabling real-time inverse kinematics,
trajectory optimization, and collision-free control. The same control parameters and logic are
maintained between the virtual and physical robotic arms, ensuring motion consistency across
domains. The robot operates under a joint position controller for precise tracking of target poses,
achieving minimal deviation between commanded and executed motion.

All modules communicate through a ROS-based publish–subscribe architecture [115] using
UDP transport [116], ensuring low-latency, modular, and scalable data exchange. The system is
deployed over a wired LAN to minimize baseline delay, while additional latency is artificially
introduced via the Linux TC tool [117] to evaluate the framework’s performance under variable
network conditions.

This prototype provides an integrated experimental platform for evaluating both the pre-
dictive accuracy of the motion model and the adaptive control performance of the proposed
reinforcement learning framework in realistic human–robot interaction scenarios. Based on the
prototype, we first evaluate the performance of prediction model and then evaluate the effective-
ness of the proposed framework.
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Figure 3.3: Illustration of our prototype system. 1)Left photo: Operator controls the robotic arm
with the rendered feedback in a monitor, 2) Central photo: Virtual model of the robotic arm in
the Metaverse, 3) Right photo: A real-world robotic arm is controlled by the Metaverse.

3.5.1 Precision of prediction model

As shown in Fig. 3.4, the prediction performance of all models declines as the interpolation
interval increases. This trend is reflected by the rising RMSE between the predicted trajec-
tory and the baseline, indicating that a longer prediction horizon introduces higher uncertainty
and error accumulation. Specifically, our proposed method demonstrates strong prediction ac-
curacy within short-term horizons (less than 180 ms), maintaining an RMSE below 0.005 m.
Beyond this range, the predictive accuracy gradually deteriorates, consistent with the expecta-
tion that longer-term forecasts are inherently more challenging due to dynamic variations and
compounding estimation errors.

Table 3.1 quantitatively compares the performance of different prediction models, includ-
ing the proposed approach, the ARMA model, the Informer-based deep learning model, and a
traditional autoregressive (AR) model. The results show that our proposed method consistently
achieves the lowest mean RMSE and variance across both position and orientation predictions.
For position estimation, the proposed model achieves an average RMSE of 0.00100 m with a
small variance of 5.264×10−5, outperforming both Informer (0.00842 m) and AR (0.00174 m).
Similarly, in orientation prediction, our approach attains an average RMSE of 0.00101 with
variance 5.650×10−5, again surpassing the alternatives by a significant margin.

These results confirm that the proposed prediction model effectively captures both spatial
and temporal dependencies, enabling accurate short-term motion estimation. In contrast, the In-
former model exhibits larger errors and higher variance, suggesting limited generalization under
the same experimental setup. Overall, the findings demonstrate the robustness and reliability of
our method for real-time predictive modeling, particularly in short-horizon scenarios critical for
responsive human-robot interaction systems.
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Figure 3.4: Average RMSE of different prediction horizons for ARMA model

Table 3.1: Evaluation of the Prediction Model

Average RMSE ARMA Informer AR

Position (m) Mean 0.00100 0.00842 0.00174
Variance 5.264×10−5 0.00343 1.108×10−4

Orientation Mean 0.00101 0.01031 0.00201
Variance 5.650×10−5 0.00638 0.912×10−5

3.5.2 Evaluation of the proposed framework

To assess the decision-making and control performance, we further evaluate the proposed PPO-
based reinforcement learning (RL) algorithm. The training process is divided into two stages: a
data-driven baseline training phase and a human-in-the-loop fine-tuning phase.

In the first stage, the PPO algorithm is trained for 150 episodes, repeated over 10 independent
runs to ensure statistical consistency. The communication latency is modeled as a stochastic
variable with a mean of 75 ms and a standard deviation of 12.5 ms, representing realistic network
conditions. The reward function weights are configured uniformly as w1 = w2 = w3 = w4 =−1
to balance accuracy and stability objectives.

As shown in Fig. 3.5, the training reward exhibits an initial fluctuation during the first 30
episodes, which gradually stabilizes as the policy converges. After approximately 60 episodes,
the model achieves convergence with an average RMSE of 0.0443 m, indicating reliable baseline
performance.
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Figure 3.5: Average RMSE in each training episode for Data-based RL Training Progress.
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Figure 3.6: Average RMSE in each training episode for Human-in-the-Loop RL Training
Progress.
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To further enhance adaptability and robustness, a human-in-the-loop training phase is con-
ducted using the pre-trained PPO baseline model as initialization. During this phase, human
feedback is incorporated across an additional 20 episodes, allowing the agent to refine its pol-
icy based on interactive corrections. As illustrated in Fig. 3.6, the human-in-the-loop phase
leads to a notable improvement, reducing the average RMSE to 0.0241 m. This corresponds
to an 83.82% performance gain relative to the baseline model, validating the effectiveness of
integrating human guidance into the RL training process.

Overall, these results highlight the capability of the proposed framework to achieve both
accurate motion prediction and adaptive control optimization. The combination of the data-
driven ARMA model and human-guided RL training ensures robustness against uncertainty and
enhances real-time responsiveness in dynamic human-robot interaction environments.

3.6 Conclusion

In this work, we established a human-in-the-loop cross-system design framework to minimize
the motion-to-photon latency on the modeling error of a real-world robotic arm and its matched
virtual model in the Metaverse. We built a framework structure with separated display/control
functions and human-in-the-loop DRL training process to improve the performance of the frame-
work. The results our proposed method can significantly reduced 1) the MTP latency between
human motion and rendering feedback and 2) the RMSE between human motion and real-world
remote devices.



Chapter 4

Meta-learning in Co-design CPS
Framework in Multi-task Situations

4.1 Introduction

CPS represents a transformative integration of computational elements, networked communica-
tion, and physical processes. These systems are designed to interact seamlessly with the physi-
cal world, enabling real-time monitoring, control, and automation in various domains, including
manufacturing, healthcare, transportation, and energy systems [1]. A key component of CPS
is the concept of “DTs", which serves as precise virtual replicas of physical entities [3]. DTs
enable the simulation, analysis, and optimization of physical processes, leading to improved
decision-making and operational efficiency. For instance, DTs and robotic operators for nuclear
power plants can reduce costs and simplify the planning and implementation of decommission-
ing [20]. By merging DT with healthcare, a new, efficient approach for providing accurate and
swift services, especially for elderly care is emerging [2].

Despite the advanced capabilities of CPS, numerous challenges remain in achieving their
full potential. One of the primary issues is the computational demand associated with processing
vast amounts of data from diverse sensors and devices in real time. Additionally, the integra-
tion of Artificial Intelligence (AI) within CPS for tasks such as anomaly detection, predictive
maintenance, and autonomous decision-making further amplifies the demand for computational
power [6]. Furthermore, the communication infrastructure is crucial for ensuring the reliable
and timely exchange of data between the physical and computational elements. The communi-
cation requirements in CPS are particularly stringent for applications involving real-time control
and feedback loops, where delays can have serious consequences [6]. In this context, the perfor-
mance metrics established for CPS communication systems often include stringent KPIs such
as ultra-low latency, high reliability, and sufficient bandwidth to support high-resolution data
streams from multiple sensors simultaneously [43]. For instance, fine-grained KPIs for video
streaming in CPS have been defined in [43], suggesting that data rates of 1 Gbps (for smooth

49
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Figure 4.1: Proposed task-oriented cross-system design framework.

playback) or 2.35 Gbps (for interactive experiences) are required to support 8K resolution, 120
FPS, and 360-degree visual field video streaming [8]. The Tactile Internet prioritizes ultra-low
latency to ensure that tactile sensations and control commands are transmitted almost instan-
taneously, with latency requirements often below 1 ms [101], as humans are more sensitive
to delays in tactile sensations than to audio or visual ones. This is essential for applications
where even slight delays in feedback can lead to errors or degraded performance, particularly
in scenarios involving human-machine interaction or fine motor control [119]. However, exist-
ing communication infrastructures are often insufficient to meet these stringent requirements,
necessitating further advancements in network technologies and protocols [5].

Furthermore, another significant challenge in CPS is the intricate complexity of HITL sys-
tems, where seamless interaction between human operators and automated systems is critical yet
profoundly challenging. In these scenarios, delays in control commands and feedback loops can
significantly affect system performance and safety [102]. For instance, in smart grids, where hu-
man operators manage and control critical infrastructure, latency in decision-making can lead to
suboptimal responses to dynamic conditions such as load changes or fault detection [4]. While
research on the effects of latency in teleoperation provides a foundational understanding [9],
the intricacies of human behavior and interaction with complex CPS environments require more
sophisticated models and simulations to predict and mitigate these effects. This presents a sig-
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nificant challenge for deploying AI-driven control systems that can adapt to human behavior and
ensure seamless, real-time operation.

Recently, emerging task-oriented communication is well-suited for handling the rich data
sources and diverse complex tasks found in CPS, making it a promising candidate for future
communication paradigms [60]. From a machine’s viewpoint, achieving perfectly accurate re-
construction is considered sufficient but not essential for completing tasks, as it often includes
redundant information. The primary goal of task-oriented communications is to enable the suc-
cessful completion of subsequent tasks. This approach is particularly beneficial in CPS, such
as industrial factories typically demanding URLLC environments, since it can relax stringent
reliability and latency requirements to reduce communication overhead [120]. However, sev-
eral challenges still need to be addressed: 1) Defining Task Success: Success criteria can vary
widely across different CPS applications, making it difficult to establish a universal standard
for task completion. 2) Verification of Robustness: Ensuring that task-oriented communica-
tion systems are reliable under diverse conditions and failures while still achieving task goals
requires thorough testing and validation. 3) Generalisability: Developing task-oriented com-
munication strategies that are both effective and adaptable across various CPS applications and
environments remains an ongoing challenge.

4.2 Contributions

In this chapter, we aim to solve the following problems: 1) How to eliminate the effects of
time delay among different subsystem components to achieve real-time interactions? 2) How
to design strategy leverage user behavior to address real-time HITL interactions, while ensuring
the algorithm’s generalizability and robustness across various robotic arm operating behaviors?
3) How to build the prototype to verify the effectiveness of the proposed algorithm to ensure a
reliable and adaptive CPS operation?

The main contributions of this paper are summarized as follows:

• We established a task-oriented cross-system design framework for real-time interactions
between human controllers and remote devices in CPS, where sensing, communication,
prediction, control, and rendering are jointly considered. Specifically, we decouple the
function of the virtual world for two: 1) proactive rendering form the visual feedback and
2) generating control commands to the real-world robotic arm.

• We developed a Human-In-The-Loop Model-Agnostic Meta-Learning (HITL-MAML) al-
gorithm that dynamically changes the prediction horizons for 1) visual feedback and 2)
real-world robotic control. we proposed the two-stage training process, where the MAML
model is first trained on the collected dataset, followed by the HITL online learning.
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• We built a complete prototype of a CPS, which consists of the input and visual display
devices on the operator side, the virtual world deployed on the edge server, and a robotic
arm in the real-world workspace. We validated the algorithm on the prototype, varying the
communication delay for multiple experiments, and the results proved the effectiveness of
the algorithm and outperformed multiple baselines.

4.3 Task-Oriented Cross-System Design

In this section, we propose a task-oriented cross-system design framework. We introduce two
functions of the framework, different sub-modules, the time flow chart, and the time delay com-
position.

4.3.1 System Overview

The framework, as illustrated in Fig. 4.1, is composed of three primary components: 1) an input
device for issuing control commands and a visual feedback system located at the operator’s
side, 2) a virtual world containing a DT of a robotic arm deployed on an edge server, and 3)
a remote physical workspace deployed with a real-world robotic arm. These components are
spatially separated and communicate via the wireless network. First, the operator views the
visual display of the virtual environment including the DT of the robotic arm. Based on the
visual display, the operator manipulates the input device and sends the control commands to
the DT of the robotic arm. Then, the DT of the robotic arm syntheses the information: 1) the
control commands from the operator 2) the simulation information of the virtual world, and
3) the feedback from the real-world world to generate control instructions for the real-robotic
arm. Next, these commands are then transmitted to the real robot arm in the remote workspace,
enabling it to perform the required actions and interact with the real world. The results of these
interactions are further feed back to the virtual world via wireless transmission.

However, due to time delays introduced by the subsystems including sampling, computation,
control, communication and rendering, discrepancies arise between the perceived trajectories of
the DT of the robotic arm, the real-world robotic arm, and the operator’s input commands. Even
worse, in this human-in-the-loop cyber-physical system, time delays in visual feedback can lead
to delays in the operator’s control, and delays in control can further affect the generation of
visual feedback, which finally significantly affects the robotic arm’s performance of the task. To
tackle this problem, the system predicts the operator’s commands and dynamically changes the
prediction horizons in real time. This prediction serves two main purposes: (1) to compensate
for the delay between the operator’s motion and the visual feedback rendering of the DT, and (2)
to minimize the latency between the operator’s control inputs and the actions of the real-world
robotic arm in the real-world environment.
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Figure 4.2: Illustration of the information flow.

4.3.2 Information Flow

As shown in Fig. 4.2, time is divided into time slots. We modified the entire working pro-
cess queue as M/M/1/2∗ [121]. In this case, only one packet is kept in the buffer waiting for
processing, and packets waiting for processing are replaced upon arrival of a more up-to-date
packet. No packets are blocked from entering the queue. If a new packet arrives while the
system is full, the packet waiting is discarded. The proposed framework comprises two infor-
mation flows served for two functions: 1) real-world robotic control and 2) visual feedback. The
function of real-world robotic control, encompasses all processes from sensing the movement of
the operator through the data transmission, virtual world data processing, and real-world robotic
control. During the process, the operator operates the input device and generates a series of
poses {p1,p2, ...,pi} which are sampled by the built-in sensor. Next, In the t1-th time slot, an
agent decides the length of the prediction horizon. followed by a predictor generates the pre-
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dicted pose for the visual feedback p̂v(t1) and real-world robotic control p̂r(t1). Then, p̂v(t1) and
p̂r(t1) are transmitted to the CPSs via networks. After that, in the t2-th time slot, with the feed-
back of the environment, the received predicted poses p̂r(t2) is processed to generate a control
command in the CPSs, and the virtual world updates based on the corresponding command and
the feedback of the environment. In the t3-th time slot, to maintain smoothing motion trajec-
tories in real-world workspace, the command is further interpolated to generate a joint position
control command and transmitted via a communication channel for actuation. Finally, in the
t8-th time slot, the command is received by the real-world robotic arm and further transformed
into low-level commands that can be directly executed. Considering the completed real-world
robotic control workflow, we define the E2E delay for the real-world robotic control by:

Tr = t9− t1. (4.1)

On the other hand, the function of the visual feedback, encompasses all processes from the
sensing of movement of the operator, data transmission, CPS data processing, rendering, and
feedback display. Specifically, the processes before the step of the CPS process are identical
to those of real-world robotic control. In addition, in the t4-th time slot, the received predicted
poses p̂v(t4) is processed to generate a control command, After that, in the t5-th time slot, the
update in the virtual world is simulated based on the corresponding command and the feedback
of the environment. Next, in the t6-th time slot, the virtual environment is rendered. Finally,
in the t7-th time slot, the rendered image Iv(t) is streamed back to the user side. Similarly, we
define the E2E delay for the visual feedback by:

Tv = t10− t1. (4.2)

4.3.3 System Components

Operator Side

On the operator side, based on the position of the robot arm in the visual display, the operator
controls the input devices to issue control commands

p(t) = [lx(t), ly(t), lz(t),qx(t),qy(t),qz(t),qw(t)], (4.3)

where [lx(t), ly(t), lz(t)] is the desired position in the Cartesian coordinate system, and
[qx(t),qy(t),qz(t),qw(t)] is the desired orientation in quaternion [108]. To compensate the time
delay latent in all the subsystems, we introduce the predictor to predict the operator’s pose
which is used to 1) proactive rendering of virtual environments and 2) preemptive generation of
control commands for real robotic arm. Specifically, in the t1-th time slot, given historical poses
P(t1) = [p(t1−Wp),p(t1−Wp +1), ...,p(t1)], the predictor predicts the pose for the real-world
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robotic arm control p̂r(t1), and the proactive rendering p̂v(t1), respectively. This is expressed by

[p̂r(t1),p̂v(t1)] = Fp(P(t1),θp,Hr(t1),Hv(t1)), (4.4)

where θp denotes the parameters of the prediction. Hc(t1) and Hr(t1) represent the lengths of
prediction horizons. To illustrate, we propose to use ARMA for its low computational com-
plexity, robustness, and no need for pre-training [109], but the framework works equally well
with other predictors. Specifically, in the t1-th time slot, The one-step predicted value p̂(t1)
is expressed as a combination of autoregressive (AR) and moving average (MA) components,
formulated as follows:

p̂(t1) = c+
p

∑
a=1

φap(t1−a)+
q

∑
b=1

θbε(t1−b), (4.5)

where p̂(t1) is the predicted value at time t1, c is the constant term that allows the model to fit
time series data with a non-zero mean, φa and θb are the coefficients of the AR and MA compo-
nents, respectively, and ε(t1− b) denotes the prediction errors. The AR term ∑

p
a=1 φap(t1− a)

captures the influence of the p-lagged past values of p(t1), while the MA term ∑
q
b=1 θbε(t1−b)

models the effects of past forecast errors up to a lag of q. By recursively applying the ARMA
model over H steps, we create a sequence of future predictions based on the current and previ-
ous observations. In addition, to dynamically capturing the time delay characters in difference
subsystem, we introduce a DRL agent adaptive decides the prediction length Hr(t1) and Hv(t1),
which is expressed by

[Hr(t1),Hv(t1)] = πθ ([p(t1),Tr(t1),Tv(t1)]), (4.6)

where Tr(t1),Tv(t1) are the measured E2E delay defined by (4.1) and (4.2).

Virtual World

We deploy the virtual world on an edge server to generate two key outputs: (1) control com-
mands for a real-world robotic arm and (2) visual feedback for the visual display. Specifically, in
the t2-th time slot, the DT of the robotic arm in the virtual world generates the control commands
by synthesizing the information: 1) the received predicted control commands [p̂r(t1), p̂v(t1)]

from the operator generated in the t1-th time slot 2) the last update of the simulation information
σv(t2) of the virtual world, and 3) the feedback σr(t2) from the real-world world to generate
control instructions for the real-robotic arm. This is expressed by,

T̃r(t2) = [τ̃1(t2), ..., τ̃I(t2)] = Fr(p̂c(t2),σv(t2),σr(t2),θc), (4.7)
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where θc represents the parameters for the respective control functions. The angle value of the
i-th robotic arm joint, i = 1,2, ..., I, in the t2-th time slot is denoted by τ̃i(t2).

To illustrate, we propose to use the RMPFlow control algorithm, which is an effective
method that merges local control strategies to form a cohesive global policy based on Rieman-
nian Motion Policies (RMPs) [111]. Specifically, for the i-th joint of the robotic arm, the desired
joint acceleration q̈i(t2) in the t2 th time slot is calculated by

q̈i(t2) = kp ·R(q′i(t2)−qi(t2))− kd · q̇i(t2), (4.8)

where qi(t2) is the current angle value, q′i(t2) represents the target position vector, kp is the po-
sition gain that determines the strength of the pull towards the target configuration, and kd is the
damping gain, which provides resistance to movement. The robust capping function R(u(t2))
is defined as

R(u(t2)) =

u(t2), if ||u(t2)||< θth

θth · u(t2)
||u(t2)|| , otherwise,

(4.9)

where θth is a threshold that caps the correction vector, and || · || represents the Euclidean norm.
Further refinement of the control commands to adapt the sampling rate of the real-world robotic
arm is also necessary,

T̃ri(t3) = [τ̃1(t3), ..., τ̃I(t3)] = Fri(T̃r(t3),θri), (4.10)

where Fri(·,θri) is the smoothing function, and θri denotes the parameters for smoothing the
control command. To illustrate, we apply the linear interpolation based trajectory smoothing
algorithm [112],

q̂i(t3) =

α · q̂i(t3−Tco)+(1−αs) ·qi(t3), te < td

q̂i(t3−Tco), otherwise,
(4.11)

where Tco is the time interval between the last generated interpolated command q̂i(t3−Tco) and
qi(t3), and αs is a smoothing parameter that transitions from 0 to 1 with a quadratic growth rate.
The initial value of αs is given by αs = te/td , and it is updated as α ′s = α2

s .
In addition to generating the control commands for the DT of the robotic arm, vitual world

generates the rendering frame for the visual feedback. Similar to (4.7), in the t4-th time slot, the
process to generate control instructions for the DT is denoted by

T̃v(t4) = [τ̃1(t4), ..., τ̃I(t4)] = Fv(p̂r(t4),σv(t4),σr(t4),θv), (4.12)

where θv represents the parameters for the respective visual feedback functions. The virtual
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world also updates itself on the edge server Tsi time steps by applying physical laws. In each
simulation step, the virtual robotic arm interacts with virtual objects, and physical process simu-
lations including collision detection are also updated here. We denote the simulation time length
in each time step as ∆t . Thus, at time slot t5, the simulation function Fu can be expressed as

T̃s(t5) = Fu(T̃v(t5),θu,θe), (4.13)

where θu refers to parameters associated with the physical update process and θe is the parameter
of the interaction between the robotic arm and the environment. Next, in the t6-time slot, the edge
server renders the simulation result at the edge server. The rendering function Fr is expressed
by

Iv(t6) = Fre(T̃s(t6),θre), (4.14)

where θre is the parameter of rendering. The resulting rendered frame is denoted as Iv(t6).
We denote the rendering time for each frame by Tim, thus, the frame rate for the generated
video is calculated by fr =

1
Tim

. Then, Iv(t6) is transmitted back to the operator’s side via a
communications network, received in the t10-th time slot and displayed in the t10-th time slot.

Real-World Workspace

In real-world workspace, the received motion control commands are further transformed into
low-level commands that can be directly executed by the hardware by Application Programming
Interfaces (APIs) [113]. In the t7-th time slot, the joint trajectory of the real-world robotic arm
to be executed is expressed by

T̃rw(t7) = Frw(T̃ri(t7),θrw), (4.15)

where Frw(·,θrw) represents the API, and θrw denotes the corresponding parameters.
To illustrate, we propose to use the PID control algorithm for its common ways to implement

the control API [114]. Specifically, for the i-th joint of a robot, the joint position command in
the t7-th time slot is calculated by

ui(t7) = Kpτi(t7)+Ki

∫ t7

0
τi(ṫ)dṫ +Kd

d
dt

τi(t7), (4.16)

where Kp,Ki and Kd , all non-negative, denote the coefficients for the proportional, integral,
and derivative terms, respectively, ṫ represents the differentiation of t. The control is finished
in the t9-th time slot. Various sensors are also deployed in the real workspace to monitor the
completion of the real-world robotic arm’s tasks and feed the results back to the virtual world
on the edge server.
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4.3.4 Task-Oriented KPIs

The success of the real-time interaction task depends on the synchronization between the robot
arm trajectory and the user-generated control commands. Out-of-sync can lead to 1) operator
dizziness and nausea leading to deformation of the interaction and thus task failure 2) significant
lag leading to repetitive behaviors and misbehavior. To achieve the task, we propose to use the
KPIs:

• 1) MTP latency, defined as the time delay between the operators’ physical motion (e.g.,
moving the input device) and the corresponding visual update displayed on the screen.

• 2) RMSE between operator motions and real-world robotic arm.

Due to inconsistencies between the workspace of the robotic arm and the input devices, it
is necessary to map the input values to the robotic arm’s coordinate system. We represent the
end effector’s pose using Cartesian coordinates and quaternions, which can be reconstructed in
a 4× 4 homogeneous transformation matrix. Thus, in the t-the time slot, the transformed pose
p̃i(t) is expressed as [lx,i(t), ly,i(t), lz,i(t),qx,i(t),qy,i(t),qz,i(t),qw,i(t)]. Specifically, the position
[lx,i(t), ly,i(t), lz,i(t)] is calculated by

[lx,i(t), ly,i(t), lz,i(t)] = s ·Rp · [lx(t), ly(t), lz(t)]+d, (4.17)

where s is the scaling matrix, Rp is the rotation matrix, and d is the translation matrix. For
orientation, the quaternions are first converted into a rotation matrix Ri(t) as (4.18).

Ri(t) =


1 0 0 0
0 1−2(q2

y,i(t)+q2
z,i(t)) 2(qx,i(t)qy,i(t)−qw,i(t)qz,i(t)) 2(qx,i(t)qz,i(t)+qw,i(t)qz,i(t))

0 2(qx,i(t)qy,i(t)+qw,i(t)qz,i(t)) 1−2(q2
x,i(t)+q2

z,i(t)) 2(qy,i(t)qz,i(t)−qw,i(t)qx,i(t))

0 2(qx,i(t)qz,i(t)−qw,i(t)qy,i(t)) 2(qy,i(t)qz,i(t)+qw,i(t)qx,i(t)) 1−2(q2
x,i(t)+q2

y,i(t))


(4.18)

The transformed rotation matrix is then computed by multiplying Ri(t) with the orientation
rotation matrix Ro,

R̃i(t) = Ri(t)Ro. (4.19)

Finally, R̃i(t) is transformed back to the presentations of quaternions [qx,i(t),qy,i(t),qz,i(t),qw,i(t)],
representing the orientation in the robotic arm’s coordinate system.

For the visual feedback, the pose of the end-effector of DT of the robotic arm is denoted
by p̃v(t) = [lx,v(t), ly,v(t), lz,v(t),qx,v(t),qy,v(t),qz,v(t),qw,v(t)]. We quantify the error caused
by MTP by the weighted sum of the RMSE between motions of operators p̃i(t) and received
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rendered virtual robotic arm p̃v(t), which is denoted by

ev(t) = ω1 ·RMSEp([lx,i(t), ly,i(t), lz,i(t)],

[lx,v(t), ly,v(t), lz,v(t)]) (4.20)

+ω2 ·RMSEo([qx,i(t),qy,i(t),qz,i(t),qw,i(t)],

[qx,v(t),qy,v(t),qz,v(t),qw,v(t)]),

where RMSEp(·, ·) is the RMSE of position, RMSEo(·, ·) is the RMSE of orientation, and ω1

and ω2 are the weighting coefficients. The first term is the position error and the second is
the orientation error. Depending on the accuracy requirements of different tasks in the cyber-
physical systems, ω1 and ω2 can be set to different values. It is worth noting that the end effector
of the robotic arm could be a gripper, a drill bit, or a sensor, depending on the specific task.

For the real-world robotic control, we denote and the pose of the real-world robotic arm
by p̃r(t) = [lx,r(t), ly,r(t), lz,r(t),qx,r(t),qy,r(t),qz,r(t),qw,r(t)] and evaluate the success of the task
by the RMSE between motions of operators p̃i(t) and real-world robotic arm p̃r(t), which is
expressed by

er(t) = ω3 ·RMSEp([lx,i(t), ly,i(t), lz,i(t)],

[lx,r(t), ly,r(t), lz,r(t)]) (4.21)

+ω4 ·RMSEo([qx,i(t),qy,i(t),qz,i(t),qw,i(t)],

[qx,r(t),qy,r(t),qz,r(t),qw,r(t)]),

where ω3 and ω4 are the corresponding weighting coefficients.

4.4 Human-in-the-loop Model-Agnostic Meta-Learning

In this section, we introduce the Human-in-the-loop Model-Agnostic Meta-Learning algorithm,
where a two-stage training process is included. In the first stage, we train the MAML based
on the collected input data from the operators, functioning as a preheater that converges on
multiple pre-defined tasks [97]. In the second stage, we use a human-in-the-loop online training
strategy, where the operator interacts with the cyber-physical space in real-time, controlling the
input device to generate control commands, and receive visual feedback to complete pre-defined
tasks. In this stage, the model converges further based on the user’s personalised characters and
behaviours.
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State

The state in the t-th time slot is a combined vector of the latest min-max normalized input pose
p(t) and the E2E latencies for real-world robotic control and the visual feedback, denoted by
st = [s[1]t ,s[2]t ] = [p(t),Tr(t),Tv(t)],s

[1]
t = p(t) ∈ [−1,1]1×7,s[2]t = [Tr(t),Tv(t)] ∈ N1×2.

Action

In the t-th time slot, the action to be taken are the lengths of prediction horizons for real-
world robotic arm control Hr(t) and for visual feedback Hv(t), denoted by at = [a[1]t ,a[2]t ] =

[Hr(t),Hv(t)].

Instantaneous Reward

In the t-th time slot, given state st and action at , the instantaneous reward is a weighted sum of
RMSEs, denoted by

r(st ,at) = ev(t)+ er(t), (4.22)

where er(t) is the RMSE for the real-world robotic control and ev(t) is the RMSE for the visual
feedback.

Policy

The policy is a mapping from the state to the probabilities of taking different actions, denoted
by πθ (at | st), where θ are the training parameters of the policy network. The network consists
of multiple fully connected layers. Specifically, the first two layers are designed for feature
extraction, whose the input, denoted by [p(t),Tr(t),Tv(t)], is transformed into a more compact
and informative representation that captures the underlying patterns. After feature extraction,
the network continues with fully connected layers that jointly optimize the prediction horizon
for both real-world control and visual feedback. These layers are followed by a final linear layer.
After applying the Softmax activation function, the distributions for the two actions, i.e., ρ

[1]
t and

ρ
[2]
t , are generated. Finally, the actions a[1]t and a[2]t are sampled from ρ

[1]
t and ρ

[2]
t , respectively.

Specifically, π
[1]
θ

maps the state st to the distribution of a[1]t , denoted by ρ
[1]
t ∈RHr and π

[2]
θ

maps
the state st to the distribution of a[2]t , denoted by ρ

[2]
t ∈ RHv . The transmit distribution ρ

[i]
t is

defined as follows,

ρ
[i]
t ≜


Pr{a[i]t = H}

...

Pr{a[i]t = 1}
Pr{a[i]t = 0}

 , i = {1,2}, (4.23)
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where H represents the maximum prediction length. Similarly, π
[2]
θ

maps the state st to the
distribution of a[2]t , denoted by ρ

[2]
t ∈ RH with the process of (4.23). Once the distributions are

obtained, a[1]t and a[2]t can be sampled from (4.23), respectively. Here, the probability of each
action being sampled is based on the weight located in the corresponding elements [118].

4.4.1 Preliminary of MAML

MAML is a widely used algorithm in meta-learning, where the goal is to quickly adapt a model
to new tasks with limited data [97]. The idea is that the convergence of the model on multiple
tasks can be transformed into an aggregation that converges on each task. In our algorithm
design, we use an extended version of its reinforcement learning to make it generalisable across
multiple predefined real-time interactive tasks, as well as allowing for rapid adapting to the
second stage online learning.

During meta-learning, the model is trained to be able to adapt to a large or infinite number of
tasks. Here, we denote that there are N ∈ N+ tasks, T = T1,T2, . . . ,TN , and each task has finite
length L. For example, The n-th task Tn can be defined as

Tn = {LTn(πθ ),{(at1,st1), ...,(atL ,stL)},ρt ,L}, (4.24)

where {(at1,st1), ...,(atL ,stL)} represents a sequence of L state-action pairs generated by follow-
ing policy πθ , ρt is the transition distribution of actions defined by (4.23).

Here, we adapt the loss function in MAML by incorporating the PPO loss function [118],

LTn(πθ ) = min
(

πθ (at | st)

πθ k(at | st)
Aπθ (st ,at), (4.25)

clip
(

πθ (at | st)

πθ k(at | st)
,1− ε,1+ ε

)
Aπθt (st ,at)

)
,

where θ k represents the parameters of policy network in previous k steps, A(st ,at) is the advan-
tage function defined as the difference between the state-action value function, Qπθ (st ,at), and
the state value function, V πθ (st),

Aπθ (st ,at) = Qπθ (st ,at)−V πθ (st), (4.26)

which estimates the advantage of taking action at in state st , over other possible actions in the
same state [118].

Based on (4.25), we compute the adapted parameters with one step gradient descent by each
time sampling K trajectories under policy πθn for task Tn,

θn = θ −α ·∇θLTn(πθ ), (4.27)
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where α represents the step length and ∇θ is the gradient with respect to the parameter θ . After
performing (4.27) for each task T = T1,T2, . . . ,TN , we then implement the meta-optimization via
Stochastic Gradient Descent (SGD), where the θ are further updated as follows,

θ
′← θ −β ·∇θ

N

∑
n=1

LTn(πθn), (4.28)

where β represents the meta-step length.

4.4.2 Problem Formulation

We optimize the two prediction horizons for functions 1) real-world robotic arm control, and 2)
visual feedback, to minimize the weighted sum of 1) the RMSE between the operator’s input
pose and the end-effector of the robotic arm er(t), and 2) the RMSE between the operator’s input
pose and the pose of the DT of the robotic arm displayed in the screen ev(t) in N ∈ N+ tasks,
T = T1,T2, . . . ,TN . For this purpose, we formulate it as a meta-reinforcement learning problem
to find the optimal policy π∗

θ
,

argmin
θ ,Hv(t),Hr(t)

ETn∼T[LTn(θ −α ·∇θLTn(θ))] (4.29)

s.t.

LTn(θ) = Eπθ ,Tn[
L−1

∑
t=0

γ
trn(at1,st1)],∀Tn ∼ T (4.29a)

0 < Hv(t)< Hv (4.29b)

0 < Hr(t)< Hr (4.29c)

where γ represents the discount factor, Hv denotes the maximum prediction horizon for the
rendering loop and Hr is the maximum prediction horizon for the control loop.

4.4.3 Two-Stage Training Process

Our proposed two-stage training algorithm is shown in Algorithm 1. In the first stage, we train
the MAML based on the collected data which is detailed in Section 4.5.2. The goal of this stage
is worked as a pre-heater, which enables the agent to quickly acquire a policy for the next stage
of training, i.e., real-time interaction using only a small amount of experience.

The second stage, HITL online training is shown in Fig. 4.3. The operator interacts with a
reinforcement learning environment - manipulating an input device in real time based on visual
feedback to control a real-world robotic arm to perform a predetermined action. In this process,
states and actions are generated online and reward is computed in real time. As the interaction
continues, the model is trained until it converges.
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Figure 4.3: Illustration of proposed HITL online training architecture.

4.5 Prototype Design

4.5.1 System Setup

Input Device

As shown in Fig. 4.4, the Touch Haptic Device is employed as the primary input mechanism,
enabling the operator to seamlessly interact with the system [107]. This device provides six
Degrees of Freedom (DoF) for position and orientation sensing, alongside three degrees of force
feedback. These capabilities offer an intuitive and immersive control interface, allowing for a
tactile interaction experience. With a positional accuracy of up to 0.055 mm and a force feedback
resolution as fine as 0.03 N, the device ensures precise input tracking, making it well-suited for
tasks that require meticulous control. This high level of accuracy facilitates the fine manipulation
of virtual objects, contributing to a smooth and responsive interaction between the operator and
the virtual world. In the context of our framework, the Touch Haptic Device enhances the
operator’s ability to perform high-precision tasks with minimal error. Its integration into the
system is crucial for scenarios demanding delicate and accurate manipulation, thus improving
the overall functionality and efficiency of the framework. The experiments are conducted with a
single operator to ensure controlled evaluation, while extending to multiple operators is left for
future work.
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Figure 4.4: Illustration of our prototype system. 1) Left: A Touch Haptic Device and the screen
for visual display, 2) Central: A DT of the robotic arm and the virtual environment deployed on
the edge server, 3) Right: robotic arm in the real-world workspace.

Figure 4.5: Illustration of four real-time interaction tasks, i.e., pentagram, circle, square, and
triangle.
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Algorithm 1 HITL-MAML
Input: initial all the parameters of neural network including randomly initial θ0, initial state s0,

step length α , meta-step length β , Episode number for two stages M1,M2
Stage 1:

1: while not done do
2: Sample batch of tasks Tn ∈ T
3: for all Tn do
4: Sample trajectories D = {(at1,st1), ...,(atL ,stL)} using πθ in Tn
5: Evaluate ∇θLTn(πθ ) using D and LTn(πθ ) in (4.25)
6: Compute adapted parameters with gradient descent: θn = θ −α ·∇θLTn(πθ )
7: Sample trajectories D ′n = {(at1,st1), ...,(atL ,stL)} using πθ+1 in Tn
8: end for
9: Update θ ′← θ −β ·∑N

n=1 LTn(πθn) using each D ′n and LTn(πθn)
10: end while

Stage 2:
11: while not done do
12: Operators interact with the DRL environment
13: Generate trajectories D = {(at1,st1), ...,(atL ,stL)} based on πθ and store in T ′n
14: Repeat step 1-10 based on new tasks T ′n
15: end while
Output: Optimal policy π∗

θ
with parameters θ ∗

Visual Feedback

We utilize a Dell G3223Q 4K monitor displaying the virtual work environment hosted on the
edge server [122]. This monitor provides high-resolution visual feedback of the DT of the
robotic arm and the virtual world, with a refresh rate of 165 Hz, ensuring smooth and unin-
terrupted viewing. This allows the operator to assess the extent of the task based on visual
feedback and make timely control via the touch device. Thus, the combination of control and
visual feedback enhances the overall interaction, ensuring optimal performance in the proposed
cyber-physical system.

Virtual world

The virtual world is built on the Nvidia Omniverse platform, utilizing Isaac Sim to simulate and
control robotic systems [110], which is running on a high-performance edge server equipped
with 32 GB RAM, an Nvidia RTX 3070 GPU, and an Intel Core i7-11700 16-core CPU. We
employ Isaac Sim to create a highly accurate DT of the real-world robotic arm, modeling its
dimensions and functionalities in detail. This virtual representation allows us to synchronize the
actions in the simulated environment with the real-world robotic arm. In addition to the physical
simulation, our framework integrates Isaac Cortex, which enhances task awareness and allows
for more advanced decision-making capabilities in robotic systems [123]. Instead of merely
simulating physical interactions, our framework uses this decision-making layer to optimize
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how robots approach and complete tasks, leading to more efficient operations. We also decouple
the physics updates from visual rendering in Isaac Sim, allowing us to maintain high-frequency
physical updates while ensuring smooth visual feedback on the operator’s monitor. This setup
ensures that the operator receives continuous real-time feedback while controlling the virtual
environment, ensuring accurate task execution. The overall framework, with its integration of
Isaac Sim and Isaac Cortex, creates a tightly coupled system between the operator side, the
virtual world, and the real-world robotic arm, enabling precise and efficient task management.

Real-World Robotic Arm

In our framework, we employ the Universal Robots UR3e industrial robotic arm as the core com-
ponent for executing physical tasks [113]. The UR3e offers six DoF and achieves a repeatability
of ±0.03 mm, making it well-suited for tasks that require high precision. With a payload capac-
ity of 3 kg and a reach of 500 mm, the UR3e is optimized for small-scale, detailed operations
while maintaining flexibility in diverse working environments. In the real-world workspace, the
UR3e interacts with objects that are digitally mirrored in the virtual world, ensuring seamless
integration between the cyber and physical domains. After receiving the control command from
the edge server, the UR3e implements the control commands by utilizing the MoveIt Kinematics
Plugin [114], which enables smooth and accurate joint motion execution. In addition, during the
entire working process, the built-in sensors of the robotic arm monitor the joint angles, angular
velocities, and applied forces to maintain consistent and precise control. This sensing system
is critical for maintaining the accuracy required in our task-oriented framework, ensuring that
every command is executed with the necessary precision and, accurate task-oriented KPIs cal-
culations.

Networks

Our framework implements a publish-and-subscribe mechanism within the ROS environment to
facilitate communication between the operator, the edge server, and the real-world workspace [115].
This mechanism allows for flexible and scalable data exchange, enabling the modular devel-
opment of complex cyber-physical applications. Communication between processes relies on
two protocols: Remote Procedure Call (RPC) and Transmission Control Protocol (TCP) [124].
When transmitting data, the local process first involves a publisher (talker) registering with the
ROS Master on a designated port, including the topic name in its registration. A subscriber
(listener) then registers with ROS Master and requests information based on its subscription.
The ROS Master, upon finding a matching topic publisher, provides the listener with the talker’s
RPC address. The listener sends an RPC request to the talker, initiating the connection by spec-
ifying the topic name and message type. Once the talker confirms this request, it provides its
TCP address, and the listener establishes a network connection. The talker can then begin pub-
lishing data to the listener over TCP. To simulate and control communication delays within this
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Table 4.1: System Parameters for Performance Evaluation

Prototype Setup Learning Setup
Parameters Values Parameters Values
Input device sampling frequency 120 Hz Step length of one-step gradient update α 1×10−3

Input length of prediction function Wp 4000 ms Meta-step length β 1×10−5

Prediction horizon of prediction function H 1000 ms Batch size 256
Simulation frequency Tsi

1 240 Hz Discount factor γ 0.99
Rendering step length Tim 16 ms General advantage estimation parameter λ 0.99
Rendering resolution 1920px×1080px Clip range 0.2
Real-world robotic arm sampling frequency 1000 Hz Weighting coefficient ω1,ω2,ω3,ω4 -1

network, we used the network cables to connect the three via Ethernet during training, making
the communication delay of the benchmarks nearly zero. Then, we utilize the TC method in
Linux [117]. This utility allows us to manipulate network delay by introducing artificial delays,
enabling controlled experiments on how varying levels of network delay affect the system’s
performance. By systematically varying communication delays with TC, we can observe their
impact on the control and response of the robotic system. These controlled network conditions
allow us to generate reproducible results for training and testing.

4.5.2 Data collection

We designed four real-time interaction tasks, where the operator utilizes the touch haptic device
to control the real-world robotic arm in real time. The tasks involve completing four different
trajectories—circle, triangle, pentagram, and square—within a specified workspace, guided by
real-time visual feedback. The selected trajectories simulate common industrial robotic arm
operations, such as cutting, mixing, and welding [37]. We further clarify the real-time control
here, We further clarify the real-time control here: during the operation, the operator modifies
in real-time the representation (size, shape, speed of movement, etc.) of the trajectories based
on 3D visual feedback from a digital twin and virtual environment. These adjustments ensure
that the final movement trajectory aligns with the task’s requirements. The target pose of the
touch haptic and the pose of the end-effector of the robotic arm were recorded in real-time and
saved in Comma Separated Values (CSV). In the first stage, the operator’s four maneuvers were
captured for 150 repetitions of each maneuver, taking about an hour. In the second stage, the
operator repeats these four maneuvers while training online until the model is converged.

4.6 Results

4.6.1 Training Settings

Algorithm training was conducted on a server with an Intel Core i9-13900F CPU, 64 GB RAM,
and an Nvidia RTX 4090 GPU. The default parameters of the prototype and learning algorithm
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Figure 4.6: Evaluation of prediction model.

are listed in Table 4.1, unless otherwise specified. The parameters of HITL-MAML are updated
following the procedure outlined in Algorithm 1. In the first stage, we use the collected motion
data mentioned in Section 4.5.2. The framework sequentially executes each task over 4×104 ms.
In the second stage, the operator interacts with the DRL environment. The training time of each
task is set to 2× 104 ms. To simulate network delays Td , a normal distribution with a mean of
µc = 50 ms and a standard deviation of σc = 10 ms is set between the operator side and the edge
server.

4.6.2 Performance Evaluation

The Prediction Model

As shown in Fig. 4.6, the performance of the predictor ARMA is evaluated by the RMSE with
different prediction horizons. The results show that the predictor achieves similar performance
in four predefined trajectories, with less than 0.01m RMSE when the prediction horizon is less
than 1000 ms. It is intuitively that as the prediction horizon increases, the prediction error also
rises. Thus, there exists an optimal point where there is neither an increase in error due to
prediction by compensating for too much delay, nor an insufficient prediction where there is still
an error. This lays the foundation of success when dynamically changing the prediction horizons
when operators interact with the DRL environment.
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Figure 4.7: Evaluation of MAML-CD compared to three baselines.

Performance on the collected dataset

As shown in Fig. 4.7, we train the MAML algorithm over 500 episodes for three times to evaluate
the proposed MAML training process on the collected dataset. To better illustrate our algorithm
in the figure, we denote the MAML training process on the collected dataset as "MAML-CD".
The RMSE gradually decreases during the first 300 episodes and reaches convergence with
RMSE of 0.0096 m after 350 episodes of training. “Std" represents the standard deviation. To
verify the effectiveness of the proposed algorithm, We compare the performance of the trained
MAML with three baselines,

• WP: Without any delay compensation strategy, the pose of the input device is directly
transmitted.

• RS: We predict the pose for the two functions, where the prediction horizons Hr(t) and
Hv(t), are randomly sampled within the maximum value of H.

• OD: The prediction horizons Hr(t) and Hv(t), are dynamically changed depends on the
measured E2E delays, Tr(t) and Tv(t). For example, if E2E delay of real-world robotic
control and visual feedback is 127ms and 133ms, respectively, we set Hr(t) = 127 and
Hv(t) = 133.

The results show a significant superiority over the three baselines. The RMSE decrease by
249.39%, 132.79%, and 61.13% compared to ’WP’, ’OD’, and ’RS’, respectively.
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Figure 4.8: Evaluation of Proposed HITL-MAML.

Performance of HITL Online Training

As shown in Fig. 4.8, the performance of the HITL-MAML training process is evaluated by
incorporating human operators controlling the input device during training. we compare the
results with MAML-CD and the other three baselines. The results show that glshitl-MAML-CD
rapidly converges after training for 80 episodes with an average RMSE of 0.0101 m. which
is close to the RMSE of MAML-CD. This indicates that our proposed algorithm can quickly
adapt to the Human-in-the-loop mode after a short period of online training, which verified the
effectiveness and efficiency of our algorithm.

Evaluation of Performance for Different Tasks

As shown in Tab. 4.3, we further examined the RMSE of the proposed algorithm in each task,
and compared it to the three baselines mentioned above. The results show that the average
RMSE of our proposed algorithm is less than that of the three baselines in each task, further
illustrating the effectiveness of our algorithm. We get the lowest RMSE in task ’square’, where
the average RMSE of position and orientation are 0.0068 m and 0.0089, respectively.

Evaluation in Different Communication Conditions

As shown in Fig. 4.9, We evaluate the performance of the proposed algorithm under different
communication delay conditions. Specifically, In addition to the 0 ms communication delay
as a benchmark, we add different normally distributed delays, with mean µc = 50,100 ms and



4.6. RESULTS 71

0 100 200 300 400

Number of Episode
500 600 700

0.005

0.023

0.017

0.011

0.029

0.035

R
o
o
t 
M

ea
n
 S

q
u
ar

ed
 E

rr
o
r 

(m
)

𝑇𝑑 = 0 ms

𝑇𝑑 (50, 102) ms

𝑇𝑑 (100, 102) ms

Figure 4.9: Evaluation of performance for different communications delays.

Table 4.2: Measured E2E delays and the Number of Convergence Episode

Communication delay (ms) Td = 0 Td ∼N (50,102) Td ∼N (100,102)
Average RMSE (m) 0.0098 0.0094 0.01435

Convergence episode number 220 350 540
Average E2E delay (virtual world) (ms) 29.1 127.4 236.2

Average E2E delay (real-world workspace) (ms) 35.5 143.8 251.7
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Table 4.3: Evaluation of Performance for Different Tasks

RMSE Pose HITL-MAML "WP" "OD" "RS"

Circle

Position-vitual (m) 0.0091 0.0694 0.0398 0.0195
Orientation-vitual 0.0086 0.0475 0.0445 0.0223
Position-real (m) 0.0098 0.0812 0.0413 0.0264
Orientation-real 0.0104 0.0546 0.0476 0.0211

Square

Position-vitual (m) 0.0067 0.0612 0.0365 0.0265
Orientation-vitual 0.0068 0.0461 0.0278 0.0189
Position-real (m) 0.0089 0.0689 0.0374 0.0210
Orientation-real 0.0089 0.0691 0.0377 0.0227

Star

Position-vitual (m) 0.0099 0.0649 0.0514 0.0342
Orientation-vitual 0.0123 0.0832 0.0446 0.0258
Position-real (m) 0.0137 0.0792 0.0481 0.0298
Orientation-real 0.0121 0.0711 0.0475 0.0243

Triangle

Position-vitual (m) 0.0106 0.0715 0.0427 0.0279
Orientation-vitual 0.0114 0.0692 0.0392 0.0332
Position-real (m) 0.0125 0.0811 0.0479 0.0295
Orientation-real 0.0118 0.0732 0.0401 0.0224

a standard deviation of σc = 10 ms is set between the operator side and the edge server. The
results show that our proposed algorithm can successfully converge and reach an RMSE of
approximately 0.011 m. We also measured the E2E as shown in Tab. 4.2. The results also
indicate that a higher E2E delay needs to make the algorithm take more time to converge.

Demonstration of RMSE

As shown in Fig. 4.10, we demonstrate the RMSE by showing different trajectories for two
seconds. The input device’s trajectories are transformed into the robotic arm’s coordinate system
by (4.17)(4.18)(4.19). Due to the fact that the input device is the one that issued the command,
it is logical that it is ahead of the other trajectories at the start point. It can be visualized that our
proposed algorithm achieves the lowest RMSE at the endpoint, with the point that is closest to
that of the input device. This is a more graphic proof of the effectiveness of our algorithm.

4.7 Conclusions

In conclusion, we presented a novel framework that leveraged DTs to enhance the real-time in-
teraction between human controllers and remote devices in CPS. By decoupling the DT into ren-
dering and control components, we optimized two prediction horizons to minimize the weighted
sum of 1) the RMSE between the operator’s input pose and the end-effector of the robotic arm,
and 2) the RMSE between the operator’s input pose and the pose of the DT of the robotic arm
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Figure 4.10: Demonstration of the trajectories of the end effector.

displayed in the screen for four tasks. By prediction of operator motions using HITL-MAML
learning process, our system enabled proactive rendering and preemptive control generation.
The average RMSE of our framework reached 0.0101 m and robust performance across various
task executions. These findings highlight the potential of our framework to address key CPS
challenges and pave the way for future applications in robotics and beyond.



Chapter 5

Preference-Driven Reinforcement
Learning in Co-Design CPS via Human
Feedback

5.1 Introduction

Active Three-Dimensional (3D) scene representation is a critical component of robotic vision,
enabling a wide range of applications such as teleoperation [125], navigation [126], and manip-
ulation [127]. In these scenarios, a robotic platform typically acquires visual data from mul-
tiple viewpoints and synthesizes a detailed representation of the scene. Most existing robotic
viewpoint-planning methods rely on explicit geometric modelling or internal algorithmic pa-
rameters to guide decision-making [128]. Although such approaches leverage metrics like geo-
metric uncertainty or model residuals to inform the selection of Next Best Views (NBVs), they
face several critical limitations.

• Metric–User Mismatch: Quality measures based on novel-view rendering (e.g., Peak
Signal-to-Noise Ratio (PSNR), Structural Similarity Index (SSIM), Learned Perceptual
Image Patch Similarity (LPIPS)) demand additional viewpoints for evaluation and often
lack clear selection criteria [129]. Moreover, these metrics do not always align with real-
world user requirements for 3D visualization, particularly when only specific regions or
perspectives matter.

• Geometry–Visualization Gap: Optimizing NBVs based on geometric accuracy or mesh
completeness can theoretically enhance the fidelity of scene representations [130]. How-
ever, prioritizing highly accurate meshes does not always align with user expectations,
particularly when the goal is to emphasize critical areas or distinctive structures rather than
achieve full-scene completeness. Furthermore, geometric accuracy and visual rendering
quality do not always correlate—an aesthetically pleasing rendering may not necessarily

74
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Figure 5.1: Motivation: traditional methods rely on static metrics without considering task- and
preference-based 3D representations.

produce a clean or accurate mesh. [131].

In many industrial tasks involved with 3D scene representations, users require prioritized visual-
izations of specific regions, emphasizing user preferences over broad scene representation qual-
ity. Some task-specific objectives often prioritize user-centric visualization of critical regions
rather than global scene representation accuracy [132]. For example, in teleoperated nuclear
decommissioning, operators may need high-fidelity visualizations of a potentially hazardous
material before interacting with it, while less critical background details can be simplified [133].
Similarly, in remote maintenance of nuclear facilities, ensuring clear visibility of occluded or
safety-critical components, such as valve connections or radiation hotspots, takes precedence
over globally consistent scene representation [134]. Thus, existing metrics often do not match
human perception of visual quality, highlighting a need for methods directly optimizing user
experience. Even worse, in constrained environments such as the nuclear decommissioning pro-
cess, where robot mobility and the data acquisition range are severely limited, full geometric
information acquisition is not practical [135].

Consequently, incorporating expert preferences and human-centric demands into active 3D
scene representations remains an important yet under-explored direction. While human-in-the-
loop approaches have been explored in nuclear Robotic and Autonomous Systems (RAS) and
Robotics and Artificial Intelligence (RAI) [136], their integration into active 3D scene represen-
tation for optimizing viewpoint selection remains underdeveloped. Existing methods primarily
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focus on predefined heuristics or geometric accuracy, lacking adaptability to operator-driven pri-
orities in safety-critical environments. On the one hand, users often prioritize specific regions
or viewpoints of interest; on the other, standard metrics are unable to capture subjective require-
ments. While RLHF has shown promise in natural language processing and 2D computer vision,
its potential in robotics and 3D scene representations has not been fully realized [100].

Active 3D scene representations and NBV planning have evolved considerably over the past
decade. Early approaches focused on hand-crafted heuristics, employing volumetric coverage or
geometric uncertainty metrics to guide viewpoint selection [137], [138]. While these methods
are effective in controlled or static environments, their reliance on predefined action spaces limits
adaptability in complex, unstructured scenarios such as cluttered industrial settings or nuclear
decommissioning facilities.

Recent advances leverage neural implicit representations, exemplified by Neural Radiance
Fields (NeRF), to achieve more expressive and continuous scene modelling [139], [140]. Al-
though these representations facilitate high-fidelity scene representations and flexible novel
view synthesis, they commonly assume dense multi-view inputs and high computational re-
sources, challenges that constrain real-time or resource-limited robotic applications. To address
these issues, methods like NeU-NBV integrate uncertainty estimation into neural rendering,
enabling NBV planning that selectively focuses on less certain regions while reducing data re-
quirements [141]. Similarly, GenNBV employs DRL with multi-source feature embeddings to
enhance generalization in large-scale and diverse environments [142].

A key trend is the explicit incorporation of uncertainty modelling to guide active exploration.
Techniques such as FisherRF use information-theoretic measures to select viewpoints without
relying on ground-truth data [143]. These strategies adaptively allocate sensing resources to in-
formative directions, improving resilience against sparse observations and dynamic conditions.
Such uncertainty-driven frameworks have proven beneficial for tasks like NeRF-based localiza-
tion, where identifying high-value viewpoints can substantially reduce ambiguity in robot pose
estimation [144]. In sparse-view scenarios, balancing data efficiency and scene representation
quality is critical. Approaches like PVP-Recon iteratively select viewpoints based on warping
consistency scores, maintaining scene representations fidelity under limited data budgets [130].
Further, methods like SparseNeuS and ReVoRF leverage geometric or semantic priors to mit-
igate overfitting, thereby ensuring stable performance with minimal input views [145], [146].
However, these approaches are often benchmarked by conventional metrics (e.g.,PSNR, SSIM),
which do not fully capture user preferences or task-specific requirements.

A promising research direction involves integrating human feedback into the NBV planning
loop while leveraging recent advances in embodied intelligence and large-scale language mod-
els. For example, the author in [36] argues that humans can leverage contextual understanding
to supplement missing data during the scene representations process. Therefore, a human-robot
interaction mechanism is introduced, enabling remote users to participate in and guide the robot
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in completing the scene representations task. Specifically, Reinforcement Learning from Human
Feedback (RLHF) allows robots to prioritize subjective user-defined objectives—such as region-
specific coverage or safety-critical areas—without relying solely on predefined heuristics [100].
Meanwhile, embodiment enables active physical interaction (e.g., moving or manipulating ob-
jects) to reduce occlusions and refine uncertain areas [147]. Large-scale pretrained language
models further enrich these pipelines by providing high-level reasoning and dynamic task plan-
ning in complex scenes [148]. For example, the author in [149] introduces an AIR-Embodied
model that integrates embodied AI with multi-modal large language models to enable high-
level reasoning, interactive object manipulations, and closed-loop verification, improving scene
representations efficiency and generalization across diverse environments. Such approaches il-
lustrate a shift toward user-centric, task-adaptive strategies, where traditional objective metrics
are augmented by subjective preferences and operational constraints.

Despite these advancements, critical challenges persist—namely, resource limitations, envi-
ronmental complexity, and the inherent difficulty of encoding subjective human goals directly
into robotic policies. These gaps highlight the need for closer integration of uncertainty mod-
elling, neural radiance representations, and RLHF paradigms, ultimately fostering NBV plan-
ning frameworks that are simultaneously robust, efficient, and aligned with the nuanced require-
ments of real-world robotic applications.

5.2 Contributions

In this chapter, we propose an RLHF-based framework for active 3D scene representations that
incorporates human preferences into viewpoint planning. As shown in Fig. 5.1, instead of rely-
ing on model-specific internal variables, our method draws on user evaluations of rendered 3D
models to inform the policy-learning process. We demonstrate the effectiveness of this user-
centric priority in a nuclear decommissioning scenario. The primary contributions of this work
can be summarized as follows:

• 1) Preference-driven NBV: We introduce a DRL strategy that explicitly accounts for the
3D visualization preference of the expert operator, thus eliminating reliance on fixed
geometry- or rendering-based scores.

• 2) Scalable Policy Learning: Our approach integrates seamlessly with the robotic plat-
forms and diverse 3D scene representations pipelines by avoiding dependence on algorithm-
specific internal cues.

• 3) Empirical Validation: We evaluate our method on a real-world robotic testbed, showing
that operator-guided policies significantly improve localized scene representations quality.
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Figure 5.2: Overview of the proposed framework. The RLHF pipeline consists of five key stages:
(1) Robotic exploration and trajectory planning, where the robotic system collects observations;
(2) Expert operator preference evaluation, where operators select preferred scene representa-
tions; (3) Learning a reward model based on collected human feedback; (4) Policy optimization
using PPO algorithms; and (5) Online training, where new data continuously refines the learned
policy for improved viewpoint selection.

5.3 Method

In this section, we introduce our algorithm that actively selects the next-best view for a robotic
arm equipped with a camera to improve the quality of 3D scene representations in a limited
data setting. By leveraging a calibrated hand-eye system, we determine the camera pose from
the robotic arm’s end-effector pose. To enhance the performance of the 3D scene representa-
tions, our approach employs RLHF to optimize the policy, allowing humans to compare scene
representations outcomes and provide feedback on the most effective next views.

5.3.1 Preliminaries

NeRF represents continuous radiance fields of static scenes through a Multi-Layer Perception
(MLP) network. For a given 3D point [x,y,z] in the scene space and ray direction [θ ,φ ] from the
camera’s center of projection o = [xo,yo,zo], NeRF learns an implicit function that maps these
inputs to volume density σ and color c = [r,g,b] via an MLP, denoted by

σ ,c = FΘ((x,y,z,θ ,φ),αΘ) (5.1)

where the parameters of the MLP are denoted by αΘ.
To validate and visualize the 3D scene representations, a 2D image Î can be obtained by

volume rendering [150], which is expressed by

Î = Fr (c,σ ,(x,y,z,θ ,φ),αr) , (5.2)
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where αr is the parameters of the volume rendering function Fr(·). For Fr(·), given a ray
r(q) = o+ qd,d ∈ R3, ||d|| = 1 emanating from the camera position o and direction d defined
by the specified camera pose and intrinsic parameters. The rendered color C(r) of each pixel
corresponding to this ray r can be calculated by integrating the cumulative opacity-weighted
radiance, which is expressed by

C(r) =
∫ q f

qn

T (q)σ(r(q))c(r(q))dq, (5.3)

where [qn,q f ] defines the integration bounds and T (t) represents the accumulated transmittance,
defined by

T (q) = exp(−
∫ q

qn

σ(r(s))ds), (5.4)

where s is the distance that the ray has traveled from its starting point qn to the current point q

along the ray’s path.
To accelerate the training and rendering process of the 3D scene representations, we adopt

the Instant-NGP [151] in the proposed framework. The Instant-NGP introduces a multi-resolution
hash encoding that efficiently maps input coordinates to feature vectors through a parameterized
hash table H, this encoding transforms the input coordinates before they are processed by the
MLP. This encoding scheme significantly reduces computation time while maintaining high
scene representations quality.

This encoding transforms the input coordinates before they are processed by the MLP, ex-
pressed as

E(p) =
L

∑
l=1

wl(p)H l(⌊2lp⌋), (5.5)

where p = [x,y,z] represents the spatial coordinates, L is the number of resolution levels, and
wl(p) are the interpolation weights. The hash tables H ll = 1L are trained alongside the MLP
parameters, with each level corresponding to a different spatial resolution 2l . The modified MLP
then takes this encoded input: σ ,c = FΘ(E(p), [θ ,φ ],αΘ). This encoding scheme significantly
reduces computation time while maintaining high scene representations quality, enabling real-
time rendering of novel views through efficient feature lookup and interpolation.

5.3.2 Optimizing Active 3D Scene Representations via RLHF

Active 3D scene representations seek to optimize the actions of a robotic agent to generate
high-quality 3D representations of objects or environments. This involves addressing two key
challenges:
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• Exploration vs. Refinement: Balancing the discovery of new perspectives with revisiting
regions to improve 3D scene representations accuracy.

• Quantifying Scene Representations Quality: Defining a reward function that captures 3D
scene representations quality from a robotic perspective is inherently complex and subjec-
tive.

To address these challenges, as shown in Fig. 5.2, we propose leveraging RLHF to integrate the
preference of the expert operator into the optimization process, enabling the agent to learn a
reward function aligned with subjective quality assessments.

Step 1: Robotic Exploration and Trajectory Planning

At each time step t, the robot agent performs the following steps:

• Observation: The agent captures an RGB image using its camera and extracts relevant
features through the YOLO v11 model [152]. We selected YOLO v11 due to its real-time
inference capability and strong feature extraction performance. We used a pre-trained
YOLO v11 model without fine-tuning, as its generalization ability to common object fea-
tures was sufficient for our scene representation task. The processed observation is repre-
sented as ot ∈ [−1,1]d1×d2×d3 , where d1, d2, and d3 denote the dimensions of the extracted
feature map.

• Action: The agent selects an action at from the discrete action space A= {1,2,3, . . . ,A },
where A represents the total number of possible camera poses and corresponding image
acquisitions.

• Update: The robotic arm moves within the workspace according to the selected action.
Upon reaching the new pose, a fresh observation ot is captured and stored in the dataset.

The interaction process generates a trajectory σ = (ot ,at)
k
t=1, which consists of a sequence

of k observation-action pairs. These trajectories serve as the foundation for subsequent reward
evaluation and policy learning.

Step 2:Evaluating the Preferences of Expert Operators

To ground the quality of scene representations in expert operator preference:

• Model Comparison: As shown in Fig. 5.3, the expert operator compares pairs of 3D scene
representations M1 and M2, derived from trajectory segments σ1 and σ2, respectively.
Since the focus is on task-relevant scenes or objects, we employed the Segment Anything
Model (SAM) to segment the target regions of interest [153]. To ensure accurate segmen-
tation aligned with the expert operator’s comparison process, we fine-tuned SAM using
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images from the first-step observation, enabling more precise scene representation tailored
to the task.

• Preference Indication: Evaluators provide a binary preference µ ∈{1,2}, signifying which
scene representations better captures the object or environment.

Step 3: Reward Function Estimation

A reward function r̂(ot ,at) is trained to predict the expert operator preferences [100]:

• Preference Modelling: Define the likelihood of the expert operator preference for trajec-
tory σ1 over σ2 as:

P[σ1 ≻ σ2] =
exp

(
∑

k
t=1 r̂(o1

t ,a
1
t )
)

exp
(
∑

k
t=1 r̂(o1

t ,a1
t )
)
+ exp

(
∑

k
t=1 r̂(o2

t ,a2
t )
) .

• Loss Function: Train r̂ by minimizing the cross-entropy loss:

Loss(r̂) =− ∑
(σ1,σ2,µ)∈D

[
µ(1) logP[σ1 ≻ σ2]

+µ(2) logP[σ2 ≻ σ1]
]
, (5.6)

where D is the dataset of trajectory pairs and preferences.

Step 4: Policy Optimization

Using the learned reward function r̂, we optimize a policy π to maximize cumulative rewards:

R =
T

∑
t=1

r̂(ot ,at).

In this study, we employ PPO as the primary DRL algorithm [118]. However, our approach is
not restricted to PPO and can be generalized to a wide range of DRL algorithms.

Step 5: Online Training for Fine-Tuning

After executing the actions dictated by the optimized policy, the robotic arm follows the planned
trajectory to generate a 3D scene representation model. The newly generated representations can
then be incorporated into the user preference selection process, enabling continuous refinement
through online training. As the robotic arm moves, it captures images of regions with a higher
probability of user interest, along with corresponding camera poses. These newly acquired im-
ages and poses can be fed back into the first step to generate additional 3D scene representations,
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Figure 5.3: Illustrations of user interface for preference-based 3D scene selection and sequence
representation. The interface allows users to compare and select preferred 3D scene represen-
tations, which are used to train a reward predictor for viewpoint optimization. Users can zoom,
rotate, and inspect models for detailed evaluation. Notably, the illustrated line indicates the
viewpoint selection order, not actual robotic motion. The real UR3e motion is planned using the
Isaac Sim motion planner for smooth and optimized execution.

further enriching the dataset. This process can be iteratively repeated, progressively optimizing
the robotic motion trajectory and improving both viewpoint efficiency and scene representation
quality over time. The complete workflow of our proposed algorithm is demonstrated in ALG. 2.

5.4 Experiment Setup

5.4.1 Robotic System Configuration

To validate our RLHF-based active 3D scene representations framework, as shown in Fig. 5.4,
we employed a Universal Robots UR3e robotic manipulator [113], with an Intel RealSense
d435i camera mounted on its end-effector [154]. Although this camera is capable of capturing
depth data, only the RGB output is utilized, aligning with our three 3D scene representations
baseline method, aligned with the baseline methods in Section 5.5. The UR3e offers six DoF
and achieves a repeatability of ±0.03mm, ensuring precise and consistent positioning during
viewpoint adjustments.

To accommodate real-time robot control and the computationally intensive 3D scene repre-
sentations processes, our testbed relies on two high-performance servers:

• Robotic Arm Control Server: Executes real-time motion trajectories and processes con-
trol signals. It leverages rmpflow motion generation tools in the NVIDIA Isaac Sim [110]
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Algorithm 2 RLHF-based Active Robotic 3D Scene Representations
Input: Initialized policy πθ , reward predictor r̂φ , dataset D = /0

Phase 1: Train reward predictor
1: for t = 1, . . . ,Tr do
2: Collect trajectories σ1,σ2 with πθ

3: Expert provides preference µ ∈ {1,2}
4: Update D← D∪{(σ1,σ2,µ)}
5: Train r̂ with loss Loss(r̂) (Eq. 5.6)
6: end for

Phase 2: Policy optimization
7: for t = 1, . . . ,Tp do
8: Collect trajectories σ with πθ

9: Compute rewards rt = r̂φ (ot ,at)
10: Update πθ using PPO surrogate objective
11: end for

Phase 3: Online refinement
12: for t = 1, . . . ,Tf do
13: Collect new trajectories with πθ

14: Expert provides additional preferences
15: Update r̂φ and fine-tune πθ

16: end for
Output: Optimized policy π∗

θ

for trajectory optimization, and use MoveIt Kinematics Plugin for smooth and accurate
joint motion execution [114]. The hardware setup includes an Intel Core i7-11700 CPU,

32 GB RAM, and an NVIDIA RTX 3070 GPU, enabling low-latency motion control and
on-the-fly image acquisition.

• DRL and 3D Scene Representations Server: Hosts the RLHF training and the scene
representations algorithm. An Intel Core i9-13900 CPU, 64 GB RAM, and an NVIDIA

RTX 4090 GPU enables efficient policy optimization and real-time rendering.

A Robot Operating System (ROS)-based framework coordinates communication among the
robotic arm, RGB cameras, and control modules. The control server transmits motion com-
mands and receives sensor feedback via ROS topics, ensuring synchronized execution. The
DRL and Scene Representations Server receives images captured by the camera and the end-
effector’s pose from the control server via the File Transfer Protocol (FTP). It then sends the
target pose of the end-effector back to the control server. The FTP facilitates large data transfers
between servers, particularly for scene representation and DRL updates. The real-world robotic
workspace integrates a robotic arm, RGB cameras, and an operational tile-based environment,
ensuring robust testing conditions.
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Figure 5.4: Experimental setup of the RLHF-based 3D scene representation system. The setup
consists of a UR3e robotic arm with an Intel RealSense D435i camera, controlled via a ROS-
based framework. A control server handles motion execution, while a DRL server optimizes
viewpoint selection based on human feedback. An FTP ensures efficient data transfer, enabling
real-time policy refinement for 3D scene representation.

5.4.2 Experiment Implementations

We focus on a critical task in the automation process of nuclear decommissioning: utilizing
a robotic arm for high-precision 3D visualization and inspection of reactor tiles [155]. These
tiles, typically composed of beryllium-coated Inconel and arranged in a slightly tilted manner
to regulate plasma circulation within the reactor core, play a crucial role in maintaining struc-
tural integrity. Damage to these tiles can lead to plasma leakage and further degradation of
internal reactor components, making accurate inspection essential for safe decommissioning
operations [156].

To facilitate this process, we employ high-precision, full-scale 3D-printed replicas of reac-
tor tiles as test samples, ensuring a realistic and controlled evaluation environment. The de-
signed pipeline systematically acquires RGB images and corresponding poses from multiple
viewpoints, integrating the preference of the expert operator to refine the RLHF-based policy
for enhanced inspection accuracy. The details are as follows:

1. Scene Initialization and Calibration:

A structured environment is established within the UR3e workspace to simulate realistic
3D scene representation scenarios. Before data collection, hand-eye calibration is per-
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formed to accurately determine the spatial relationship between the camera and the robot’s
base frame [157]. This process includes calibrating the camera’s intrinsic parameters to
ensure precise image measurements, while also estimating the camera’s pose relative to
the robotic arm. By obtaining an accurate transformation between the camera and the
robot base, the system can achieve high-precision 3D scene representations. In addition,
this calibration ensures that the robotic arm can move to the required poses with precision,
enabling reliable perception and interaction within the workspace.

2. Preference of Expert Operator:

Five experienced personnel collaborating with Remote Applications in Challenging Envi-
ronments, UK Atomic Energy Authority (UKAEA) [158], who possess in-depth knowl-
edge of nuclear decommissioning environments and 3D scene representations quality re-
quirements, are selected as the expert operators. The expert is familiar with the objectives
of scene representation, including clarity, accuracy, and task-specific relevance. Although
the experiment involves only a single subject, its reliability is enhanced through multiple
repetitions and various controlled experiments. Furthermore, an in-depth discussion on the
differences in personalized requirements among multiple users is beyond the scope of this
study. Then, multiple 3D scene representations, generated from different viewpoint tra-
jectories, are presented to the expert operators for comparative evaluation. Users interact
with the models through zooming and rotation to conduct a detailed assessment. Prefer-
ences are selected based on task-relevant criteria such as focus area, visual clarity, feature
coverage, and geometric fidelity. These pairwise comparisons are aggregated to train a re-
ward model that encapsulates human-centric quality judgments. Every 10 captures, a new
3D scene representations is generated, repeating for 400 instances under varying view-
points and conditions. These representations are then paired into 200 comparison groups
for the expert operator’s evaluation.

3. Policy Optimization:

Using PPO, the DRL agent updates its viewpoint-selection policy to maximize the reward
function derived from the preference of the expert operator data. The training parameters
for DRL can be found in Table I. In addition, the agent autonomously refines its viewpoint
selection policy through an iterative learning process. Initially, it explores the environment
using random viewpoint sampling to collect a diverse set of observations. As learning
progresses, the policy is progressively optimized based on the expert operator preference,
guiding the selection toward viewpoints that align with user preferences. By leveraging
RLHF, the system adapts to prioritize views that enhance critical scene representation
quality while maintaining efficiency in data collection and robotic motion.
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Table 5.1: RL Parameters for Performance Evaluation

Parameters Values
learning rate 1e−5
batch size 32
n-step return 256
discount factor 0.99
value function coefficient 0.99
clip range 0.2

5.5 Results

5.5.1 Baseline 3D Scene Representation Methods

We evaluate three 3D scene representation approaches to establish broader performance base-
lines,

• Instant-NGP [159]: A NeRF-based method that uses multi-resolution hash encoding for
rapid and high-fidelity scene representations. We adopt it as the main reference point for
implicitly modelling radiance fields directly from RGB images.

• 3DGS [160]: An advanced volumetric approach designed to capture complex scene ge-
ometry. It leverages a grid-based structure and tailored optimization strategies to handle
varying scene complexities.

• PGSR [161]: A geometry-optimized scene representations pipeline that emphasizes pre-
cise surface modelling. By focusing on explicit geometric cues, PGSR aims to achieve
accurate mesh representations, particularly in scenarios demanding fine-grained detail.

All three methods are integrated with identical data-capture protocols, enabling a consistent
evaluation of their strengths, weaknesses, and overall scene representation quality when operat-
ing on RGB images as they encompass implicit, volumetric, and explicit modelling paradigms.
By covering these distinct methodologies, our selection provides a diverse and representative
evaluation framework, demonstrating that our RLHF-based approach can effectively leverage
existing well-established benchmarks for broad applicability.
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5.5.2 Evaluation Metrics

Evaluation of our proposed framework combines both objective quality assessments and subjec-
tive alignment with the preference of the expert operator:

• Scene Representations Fidelity:

– PSNR: Quantifies the alignment between rendered novel views and reference images.

– SSIM: Measures perceptual consistency in local intensity and texture patterns.

– LPIPS: Uses deep network embeddings to gauge perceptual similarity between syn-
thetic and real images.

• Trajectory Efficiency:

– Robot path length: The distance travelled by the end-effector, reflecting mechanical
and time efficiency in the exploration.

• Human Preference Alignment:

– Subjective Visual Assessment: Evaluators compare 3D scene renderings from the
optimized policy and a random strategy, assessing clarity, completeness, and detail.

– Comparison with Random Strategy: Evaluators reviewed paired renderings and in-
dicated which provided better scene understanding.

By combining these objective and human-informed metrics, we demonstrate that our RLHF-
based method not only achieves high-fidelity 3D scene representations from RGB images alone,
but also aligns closely with human judgments of scene quality.

5.5.3 Convergence of Proposed Algorithm with Different 3D Representa-
tion Methods

Our proposed RLHF framework demonstrates strong convergence behavior when trained on
three different 3D representation methods: Instant-NGP, 3DGS, and PGSR. As shown in Fig. 5.5,
our proposed framework achieves stable policy updates efficiently across all three methods, in-
dicating its robustness and adaptability to different scene representations. The convergence re-
sults validate the effectiveness of incorporating human preference feedback, which accelerates
learning and improves overall scene representation quality. To ensure statistical reliability, each
algorithm was repeated five times, and the standard deviation (std) was computed to verify the
robustness of the proposed approach. This demonstrates that our proposed framework can ef-
fectively guides the robotic system to capture viewpoints that maximize visual clarity and align
with user-centric representation.
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Figure 5.5: Convergence performance of our proposed framework across different 3D scene
representation methods.

Table 5.2: Comparative Analysis of Different Viewpoint Numbers with Task Times and Repre-
sentation Performance

Number of Photos 5 8 10 13 15 20
Average Task Time (s) 26.34 34.72 38.91 50.18 57.44 76.21

Average PSNR 20.19 19.64 21.83 20.67 22.79 22.74
Average SSIM 0.8266 0.7699 0.8760 0.8763 0.8808 0.8904
Average LPIPS 0.1813 0.2238 0.1412 0.1291 0.1215 0.1274

5.5.4 Effectiveness Verification of Proposed Framework with Different View-
point Numbers

To quantify the effectiveness of RLHF, we evaluate multiple metrics, including PSNR, SSIM,
and LPIPS, across different representation methods. As shown in Tab. 5.2, increasing the num-
ber of captured photos generally improves representation quality but also leads to a significant
growth in task execution time. Notably, when twenty photos are used, the representation reaches
an SSIM of 0.8904 with a PSNR of 22.74, but the average task time rises to 76.21 seconds, which
is almost double that of ten photos. In contrast, using ten photos yields a PSNR of 21.83, an
SSIM of 0.8760, and an LPIPS of 0.1412, while keeping the task time at 38.91 seconds. There-
fore, we select ten photos in the following experiments as it offers the best trade-off between
representation accuracy and task efficiency.
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Figure 5.6: Comparative visualization of trajectory efficiency.

Table 5.3: Comparative Analysis of Representation Performance with Different Expert Opera-
tors

Average PSNR/Operator 1 2 3 4 5
Ground Truth - 1 22.23 20.89 22.00 21.33 21.33
Ground Truth - 2 21.85 25.28 19.94 20.37 21.52
Ground Truth - 3 21.48 21.38 22.18 20.37 22.34
Ground Truth - 4 22.51 23.16 21.50 23.72 21.85
Ground Truth - 5 21.38 22.68 22.19 21.74 23.35

5.5.5 Evaluations on Different Expert Operators

As shown in Tab. 5.3, to further investigate the impact of operator preferences on representation
quality, we collected data from five expert operators. Each operator first evaluated the candidate
models and selected according to their own preferences, and the collected data were further uti-
lized to train the Proposed algorithm. Specifically, each operator was asked to choose inspection
viewpoints that best reflect their individual preference, and these operator-specific viewpoints
were then used to construct five sets of ground truths. Following the proposed framework, each
operator completed the experiment with a representative 3D scene representation model (here,
instant-ngp is used as a case study), ensuring that the operator-specific data and preferences were
consistently integrated into the training and evaluation process. For evaluation, the representa-
tion performance was tested against all ground truths in terms of PSNR. In other words, each
represented model was rendered from the four preference-specific viewpoints of every operator,
and the results were compared against the corresponding ground truths. The results show that
when the evaluation is conducted under a fixed ground truth, the model trained with the cor-
responding operator’s preference consistently achieves the highest or near-highest PSNR. This
finding indicates that operator-specific preferences are well captured during training, and models
adapted to such preferences demonstrate superior performance when evaluated under matching
conditions.
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5.5.6 Comparison of 3D Scene Representations Quality and Trajectory
Efficiency on Different Baselines

As shown in Tab. 5.4, we present a comparative analysis of 3D scene representation quality and
trajectory efficiency across different baselines and 3D representation methods. The evaluation
metrics are computed as averages between the training ground truth images and the rendered
novel views sampled at identical camera poses. To emphasize practical significance, the novel
views are selected near regions of interest identified by the expert operator, ensuring that the
evaluation highlights areas most critical for operational inspection. The results show that our
proposed algorithm achieves consistently shorter path lengths compared with both FisherRF
and the random policy, demonstrating improved efficiency in robotic movement planning. In
terms of representation quality, the proposed method achieves competitive PSNR values, reach-
ing 22.33 with instant-ngp and 23.54 with 3DGS, which are comparable to or higher than those
obtained by FisherRF. Moreover, the perceptual metrics indicate clear advantages: the proposed
algorithm maintains low LPIPS values (0.109 with instant-ngp and 0.0426 with 3DGS), reflect-
ing closer alignment with human visual perception, while also sustaining high SSIM scores.

5.5.7 Comparative Visualization of Trajectory Efficiency and Local Fi-
delity

As illustrated in Fig. 5.6, the trajectory visualization further highlights the smoother and more
structured execution of the proposed method compared with other baselines. Collectively, these
results confirm that our algorithm not only enhances representation fidelity but also improves
trajectory efficiency, leading to reduced operational cost and computational overhead. To fur-
ther validate RLHF’s effectiveness, we check the local rendering quality between our approach
FisherRF and random viewpoint selection strategies. Fig. 5.7 highlights instances where our pro-
posed algorithm viewpoint selection achieves sharpest details in occluded or complex regions,
whereas random selection often fails to capture fine-grained details. These results confirm that
our proposed algorithm not only improves overall scene representation but also enhances local
rendering accuracy, making it particularly suitable for applications requiring precise representa-
tion of critical areas in nuclear decommissioning and remote inspection tasks.
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Figure 5.7: Comparative visualization of local fidelity

Table 5.4: Comparative Analysis of Proposed algorithm Performance Across Different 3D Rep-
resentation Methods

Random Policy FisherRF Strategy Proposed Algorithm
Approaches Instant-ngp 3DGS PGSR Instant-ngp 3DGS PGSR Instant-ngp 3DGS PGSR

Average Path Length (m) 3.28 2.61 2.34
Average PSNR 16.27 18.32 N/A 23.10 23.16 N/A 22.33 23.54 N/A
Average SSIM 0.812 0.8341 N/A 0.9007 0.97 N/A 0.885 0.879 N/A
Average LPIPS 0.234 0.201 N/A 0.1107 0.039 N/A 0.109 0.0426 N/A

5.6 Conclusions

This chapter presented an RLHF-based framework for active 3D scene representation that aligns
robotic viewpoint planning with human preferences instead of relying only on task-agnostic ge-
ometric or coverage criteria. By placing human feedback inside the viewpoint selection loop,
the method closes the gap between classical active vision and the user-specific, safety-aware
constraints common in industrial scenarios, allowing the robot to prioritize viewpoints that bet-
ter support inspection, monitoring, or manipulation even when they are not globally best for
coverage.

The core idea is to cast viewpoint planning as preference-informed reinforcement learning:
the system proposes alternative viewpoints or rendering sequences, collects human feedback,
learns a latent reward capturing subjective factors such as perceived safety, visibility of task-
relevant regions, and cognitive ease, and then trains a DRL policy against this learned reward.
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Experiments in a nuclear decommissioning setting showed improvements in local scene fidelity
on critical surfaces, more efficient viewpoint usage, and better alignment with operator objec-
tives, indicating that preference-aware optimization can act as a practical interface between au-
tonomous planning and human decision-making in safety-critical environments.



Chapter 6

Conclusions and Future Directions

This chapter summarizes the key findings, methodological contributions, and technical insights
developed throughout this thesis. Building upon the motivation and challenges introduced in
Chapter 1, the proposed frameworks collectively address the critical problem of achieving real-
time, task-oriented, and human-adaptive collaboration in CPS and Industrial Metaverse systems.
The chapter is organized as follows. Section 6.1 presents the main conclusions and a discussion
of the three core research themes investigated in this thesis. Section 6.2 outlines potential fu-
ture research directions that extend the current work toward scalable, trustworthy, and human-
centered cyber–physical intelligence.

6.1 Conclusions and Discussion

This thesis proposed an integrated, human-centered, and task-oriented co-design paradigm that
bridges communication, computation, control, and human adaptation in next-generation CPS.
Through theoretical modeling, algorithmic development, and prototype validation, the work
contributes to a unified understanding of how real-time performance and human experience
can be jointly optimized. The major technical contributions are summarized across three main
components as follows.

1. Task-Oriented Cross-System Co-Design Framework

Chapter 3 first develops a task-oriented cross-system co-design framework that abandons iso-
lated optimization of communication, computing, and control, and instead jointly decides across
these subsystems according to end-to-end task objectives such as MTP latency, control stability,
trajectory accuracy, and operator-perceived responsiveness. By coupling DRL-based resource
scheduling with adaptive control, the framework can dynamically allocate bandwidth, comput-
ing, and rendering/update rates to the current task context while adjusting control parameters
to compensate for multi-loop latency and uncertainty, keeping distributed visual rendering and

93



6.1. CONCLUSIONS AND DISCUSSION 94

physical actuation synchronized. Experiments show that, compared with modular baselines,
this task-driven co-design significantly reduces MTP latency, improves control stability, and
increases task completion accuracy.

2. Human-in-the-Loop Meta-Learning for Adaptive Control

To cope with non-stationarity caused by changing operators, tasks, and environments, Chapter 4
proposes a human-in-the-loop meta-learning control framework built on MAML, which learns
an “easy-to-adapt” initialization so that, at deployment, only a small amount of human inter-
action data and a few updates are needed to specialize to the current human–task pair. Offline
meta-training over a distribution of tasks and operators produces parameters that can be quickly
personalized, and the online phase uses the operator’s demonstrations, corrections, or perfor-
mance traces for lightweight fine-tuning. In this way, the controller reuses the cross-domain
knowledge learned in the co-design stage while achieving personalization without sacrificing
real-time performance. Experiments confirm noticeable reductions in tracking error and stable
operation even under fluctuating network delay.

3. Preference-Driven Reinforcement Learning in Co-Design CPS

Chapter 5 further places the human at the center of optimization by introducing preference-
based feedback and RLHF, enabling the system to learn not only task-oriented rewards but also
subjective criteria such as comfort, transparency, and trust. The system generates alternative
trajectories or viewpoint sequences, the operator provides pairwise or selective feedback, and
a latent reward model is trained from these sparse preferences; a DRL agent then optimizes
its policy against this learned reward. The resulting policies explicitly trade off efficiency and
human experience, yielding behaviors that operators actually prefer to work with, and laying the
groundwork for future multi-user, multi-preference human-centered autonomy.

The research conducted in this thesis was motivated by four key challenges identified in
Chapter 1, namely multi-loop latency and uncertainty, cross-system coupling, human adaptabil-
ity, and preference alignment. By examining the technical developments in Chapters 3–5, each
of these challenges can be mapped to a concrete solution pathway, as summarized below.

• Multi-Loop Latency and Uncertainty.

Chapter 3 analyzed that real-time human–machine interaction in CPS/Industrial Meta-
verse scenarios is constrained by heterogeneous and time-varying delays across commu-
nication, computation, rendering, and control loops. To handle this, Chapter 3 proposed
a task-oriented modeling and predictive compensation framework, combined with DRL-
based adaptive scheduling, so that delay on one loop can be offset by proactive decisions
on another loop. Experiments in Chapter 3 showed that this approach reduces motion er-
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ror and improves real-time stability under stochastic latency, thus directly addressing the
first challenge.

• Cross-System Coupling and Co-Design.

Optimizing communication, computing, and control in isolation cannot guarantee task-
level performance because their effects are tightly coupled. Building on the task-oriented
view of Chapter 3, Chapter 4 formulated a unified co-design/co-optimization scheme that
puts network scheduling, computation offloading/allocation, and control policy adjust-
ment into one task-level objective, enabling explicit trade-offs among latency, reliabil-
ity, and control accuracy across heterogeneous domains. In this way, the second chal-
lenge—lack of a unified cross-system design principle—is resolved through the integrated
framework presented in Chapter 4.

• Human Variability, Adaptation, and Preference Modeling. As highlighted in Chap-
ter 1, human operators, task demands, and networked environments do not remain sta-
tionary, so a fixed control or decision policy cannot guarantee consistent performance.
Chapter 4 therefore introduced a HITL-MAML paradigm to learn a generalizable ini-
tialization that can be rapidly fine-tuned with only a small amount of operator-specific
interaction data. In this way, the co-designed CPS can re-personalize itself when the cur-
rent operator changes, when the task switches, or when the delay profile drifts, turning
the third challenge—coping with human variability and task-dependent adaptation—into
a practical online adaptation process.

• Toward Task-Oriented, Human-Centered CPS. Chapter 1 also noted that optimizing
only for task/physics-based metrics may diverge from what human operators actually pre-
fer in long-term operation. To close this gap, Chapter 5 incorporated RLHF into the
co-design CPS pipeline: the system generates alternative behaviors or scene/rendering
choices, collects human feedback, learns a latent reward that encodes the operator’s sub-
jective criteria, and then uses DRL to optimize policies with respect to this learned reward.
This mechanism aligns algorithmic optimization with human perception, completing the
progression from task-oriented co-design to truly human-centered CPS and thereby ad-
dressing the fourth challenge raised in Chapter 1.

Collectively, the solutions developed in Chapters 3– 5 map one-to-one to the four challenges
formulated in Chapter 1, turning them from high-level problem statements into an experimen-
tally validated, task-oriented, and human-centered co-design paradigm for CPS and Industrial
Metaverse systems.
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6.2 Future Directions

6.2.1 Overall Significance and Limitations

The research presented in this thesis provides a comprehensive exploration of task-oriented and
human-centered co-design for next-generation CPS and Industrial Metaverse systems. By in-
tegrating communication, computation, control, and human adaptation within a unified opti-
mization framework, the proposed methodologies advance the understanding of how real-time
system performance can be jointly optimized with human experience and trust. This unified per-
spective bridges traditionally isolated research areas—such as networked control systems, edge
intelligence, and human–computer interaction—into a coherent foundation for cross-system col-
laboration and co-adaptive autonomy.

From a theoretical standpoint, the thesis establishes a task-driven modeling and optimiza-
tion paradigm that links network-level KPIs with human-perceptual metrics such as motion-to-
photon latency, control transparency, and operator comfort. The proposed frameworks demon-
strate that the integration of meta-learning, human-in-the-loop reinforcement learning, and pref-
erence alignment can yield tangible improvements in responsiveness, stability, and human satis-
faction across diverse application scenarios. These results contribute to a deeper understanding
of how intelligent CPS can evolve from purely reactive systems to human-symbiotic agents ca-
pable of continuous learning and adaptation.

Nevertheless, several limitations must be acknowledged. First, while the developed frame-
works have been validated through simulations and small-scale experiments, large-scale indus-
trial deployment under realistic network and human variability conditions remains an open chal-
lenge. Second, the meta-learning and RLHF mechanisms rely on structured and well-calibrated
feedback; in real-world environments, human feedback can be noisy, delayed, or inconsistent,
which may affect convergence stability. Third, although this work emphasizes the integration of
human factors into optimization, the current formulations still rely on simplified models of hu-
man cognition and preference, which may not fully capture the diversity and contextual nuances
of real operators. Finally, the computational complexity of multi-agent co-design and online
learning presents scalability bottlenecks that must be addressed for real-time implementation in
resource-constrained environments.

In summary, while this thesis advances the theoretical and practical understanding of task-
oriented and human-adaptive co-design, it also highlights the need for scalable learning architec-
tures, more expressive human modeling, and robust cross-system synchronization mechanisms.
These reflections motivate the future research directions discussed in the following subsections.
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6.2.2 Multi-Human Interaction and Collaboration

As intelligent CPS continue to evolve, future research must extend beyond single human–machine
loops toward scalable multi-human–multi-machine collaboration. In real-world industrial and
immersive environments, multiple human operators frequently share control and perception re-
sponsibilities with a network of intelligent agents, robots, or digital twins. Such scenarios intro-
duce new challenges in coordination, feedback fusion, and collective adaptation that go beyond
the single-operator settings considered in this thesis.

To address these challenges, several promising research directions can be identified:

• Distributed Intent Inference and Shared Situational Awareness.

As the number of human participants grows, coordination mechanisms must infer group
intent and shared goals in real time. Traditional hierarchical control architectures are
insufficient for modeling dynamic human teaming, where multiple operators may is-
sue concurrent commands or influence collective objectives. Future co-design frame-
works should incorporate distributed intent inference, conflict resolution, and cooperative
decision-making to maintain coherent task execution [162].

• Trust Calibration and Dynamic Role Allocation.

Multi-human–machine systems require adaptive strategies to manage varying levels of
trust, confidence, and workload among operators. Dynamically calibrating trust and real-
locating control authority based on individual reliability and task context can ensure stable
performance and balanced autonomy across the team.

• Team-Level Preference Learning.

Extending the proposed HITL meta-learning and preference-driven DRL frameworks to
multi-human environments opens opportunities for learning collective behaviors [163].
Future work should focus on aggregating multiple, possibly conflicting, human feedback
signals into unified team-level reward models. Such mechanisms can enable systems to
adapt to both individual and collective objectives while maintaining fairness, responsive-
ness, and stability.

• Scalability and Communication Efficiency. With increasing numbers of human and
machine participants, scalability becomes critical [164]. Future research should explore
distributed learning architectures and communication-efficient policy sharing to handle
high-dimensional feedback, minimize network congestion, and coordinate multi-agent de-
cisions under real-time constraints.

In summary, extending task-oriented co-design toward multi-human collaboration will en-
able the next generation of human-symbiotic CPS that can adapt not only to individual operators
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but also to collaborative teams. This evolution will bridge the gap between personalized intelli-
gence and collective intelligence within the Industrial Metaverse.

6.2.3 Foundation Model-Driven Co-Design and Interaction Optimization

In recent years, the emergence of Foundation Models (FMs) has radically expanded the scope
of learning and reasoning capabilities in artificial intelligence. Studies show that FMs can unify
multimodal inputs (vision, language, sensor data), enable in-context adaptation, and generalize
across tasks and environments beyond those seen during training. In the context of CPS and
Industrial Metaverse platforms, these capabilities open new possibilities for interaction opti-
mization, semantic communication, and real-time co-design.

Several future research directions are particularly relevant:

• Semantic Co-Design and Representation Learning.

FM can be leveraged to learn unified representations of communication, computation,
control, and human-in-the-loop feedback [165]. Instead of treating network latency, con-
trol error, and human preference as isolated metrics, a FM-based system could encode
them into a common semantic latent space, enabling more holistic optimization and cross-
domain adaptation. Recent surveys emphasise the potential of FMs for decision-making
across multimodal inputs.

• Zero-Shot and Few-Shot Policy Adaptation.

A significant limitation of current RL and co-design frameworks is the need for extensive
task- or operator-specific data. Foundation models offer an avenue for zero-shot or few-
shot adaptation—where the system can generalize to new tasks, new human operators,
or new system configurations with minimal additional training [166]. For example, work
in robotics shows FMs controlling physical systems with less data than traditional DNN-
based approaches.

• Interactive Human–Machine Communication via FMs.

FMs excel at natural-language and multimodal interaction, which can transform how hu-
mans and machines collaborate. In CPS contexts, this could mean systems that understand
human intent expressed via speech or gesture, translate it into control or scheduling ac-
tions, and adapt their behavior accordingly. This pathway aligns perfectly with the HITL
and preference-aware research theme. The challenge lies in integrating FMs inference
with real-time control loops that demand low latency and high reliability.

• Scalable Real-Time Co-Design with FMs Guided Simulation and Policy Generation.

To support large-scale, heterogeneous systems (many devices, many human operators,
many tasks), simulation and policy generation can be enhanced by FMs. For instance, FMs
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can generate novel task scenarios, propose candidate policies, or simulate human–machine
interaction pathways [166]. This accelerates development and adaptation of co-design
strategies in changing environments. Surveys in autonomous driving and industrial sys-
tems highlight this trend.

Embedding FM techniques within the co-design of communication, computing, control and
human interaction offers a promising frontier. Achieving this will require addressing key chal-
lenges such as inference latency, alignment of FMs outputs with control-theoretic constraints,
data efficiency, and trust/safety in human-machine feedback loops. If successful, this evolution
could significantly enhance the adaptability, generalisation, and semantic coherence of future
human-centric CPS and Industrial Metaverse systems.
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