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ABSTRACT
The metaverse presents a transformative platform for self-learning and skill development, enabling immersive,
personalized learning experiences. By integrating machine learning (ML) with pedagogy modelling, it becomes
possible to create intelligent, adaptive learning environments that cater to individual needs. This research explores
the intersection of ML and pedagogy in the metaverse to support self-directed learning and skill acquisition. The
study proposes a framework that leverages ML algorithms to model learner behaviours, adapt instructional
content, and provide real-time feedback, leading to more effective learning outcomes. Existing research highlights
the potential of ML for adaptive learning systems but lacks a comprehensive approach that combines pedagogical
principles with ML in metaverse-based environments. This study addresses that gap by proposing a novel
algorithm that integrates ML-based user profiling, content customization, and interactive simulations, fostering an
engaging, autonomous learning experience. The scope includes analyzing the performance of this model in
different educational and professional contexts, providing a framework that can be extended across various
domains. By focusing on learner autonomy and personalized skill development, this research lays the groundwork
for future innovations in metaverse-based education systems. The findings of this research have significant
implications for educational institutions, industries, and policy makers aiming to harness the full potential of the
metaverse for skill development.
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autonomous learning experience.

INTRODUCTION:

The metaverse offers a revolutionary platform for self-
directed learning and skill development, providing
immersive and personalized educational experiences.
By integrating machine (ML)  with
pedagogical modelling, intelligent and adaptive
learning environments can be designed to address
individual learner needs effectively. This research

learning

examines the convergence of ML and pedagogy within
the metaverse to enhance self-paced learning and skill
acquisition.

The study introduces a framework that employs ML
algorithms to analyse learner behaviours, customize
instructional content, and deliver real-time feedback,
ultimately improving learning outcomes. While
existing research underscores the potential of ML for
adaptive learning systems, it often overlooks the
integration of pedagogical principles in metaverse-
based environments. To address this gap, the study
proposes an innovative algorithm combining ML-
driven user profiling, tailored content delivery, and

interactive simulations, creating a dynamic and

The scope of this research includes evaluating the
performance of the proposed model in diverse
educational and professional settings, offering a
scalable framework adaptable across various domains.
By emphasizing learner autonomy and personalized
skill development, this work paves the way for
advancements in metaverse-based education systems.
The findings have profound implications for
educational institutions, industries, and policymakers
seeking to leverage the metaverse's potential for
fostering skill development and lifelong learning.
LITERATURE REVIEW:

In the literature many techniques have been used
for pedagogical system using machine learning in
metaverse are as following-

1. Artificial Intelligence and the Metaverse:
Huynh-The et al. (2022) present a comprehensive
survey on artificial intelligence (Al) in the metaverse,
highlighting how machine learning models play a
critical role in creating personalized and adaptive
virtual environments. By analyzing user behavior and
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interaction data, ML algorithms can customize learning
experiences and generate dynamic content tailored to
individual needs. This personalized approach is
particularly beneficial for skill development, as
learners receive real-time feedback and can engage in
simulations that adjust according to their performance.
The authors suggest that Al-driven metaverse
platforms can enhance the learner's experience by
providing  continuous,  context-aware  support,
facilitating the development of complex skills through
iterative learning.

2. Metaverse Framework and Applications: Park
and Kim (2022) propose a taxonomy for the metaverse,
emphasizing its components and applications in
various fields, including education and training.
Machine learning is a key enabler within this
framework, particularly in terms of its ability to
facilitate intelligent tutoring systems and virtual
assistants in training environments. These Al-powered
systems can evaluate learner performance, predict
learning outcomes, and suggest adaptive learning
paths, thus improving the overall efficiency of training
processes. The authors argue that the integration of ML
in the metaverse allows for the creation of more
realistic and interactive training simulations,
particularly in areas requiring high levels of expertise,
such as medical or technical fields.

3. Flipped Learning and E-Learning Models:
Lopez-Belmonte et al. (2022) explore the potential of
flipped learning and e-learning models within the
metaverse, focusing on the advantages of Al and ML in
enhancing these educational methods. The flipped
learning model, where traditional teaching methods are
reversed by having students explore content
independently before engaging in interactive sessions,
benefits significantly from ML- powered adaptive
learning platforms. In these environments, learners can
practice skills in immersive simulations, receiving real-
time feedback based on their performance. Machine
learning algorithms track progress and adjust the
difficulty of tasks, ensuring that learners are constantly
challenged and able to apply theoretical knowledge in
practical, virtual settings.

4. Deep Reinforcement Learning in Training
Simulations: Gu et al. (2023) propose a novel
metaverse-based teaching system that utilizes deep
reinforcement learning (DRL) for evacuation training.
DRL algorithms enable the system to generate dynamic
training scenarios based on real-world conditions,
allowing learners to practice decision-making in high-
pressure environments. The application of DRL in
training simulations offers a significant advantage by
providing realistic, risk-free environments where users

can develop critical skills without the consequences of
real-world failures. The study demonstrates that ML
models can enhance the effectiveness of skill
development by optimizing training scenarios to match
the learner's capabilities and progress, ensuring a more
targeted learning experience.

5. Federated Learning for Distributed Skill
Development: Zeng et al. (2022) and Chen et al.
(2023) explore the application of federated learning
(FL) in the metaverse for decentralized training
systems. Federated learning enables multiple devices to
collaboratively train a machine learning model without
sharing raw data, which is particularly relevant for
protecting privacy in distributed skill development
environments. Zeng et al. (2022) introduce the
concept of HFedMS (Heterogeneous Federated
Learning with Memorable Data Semantics), which uses
ML to process and analyze data locally, allowing
learners in different locations to skills
collaboratively while maintaining data privacy. Chen et
al. (2023) extend this idea, highlighting how federated
learning can be used to build global training models
across various sectors in the metaverse, enabling the
development of transferable skills without centralizing
data.

6. Training in Real-World Applications: Hajjami
and Park (2023) discuss the practical implications of
using the metaverse in real-world training scenarios.

train

They analyze several case studies where ML-powered
virtual environments are used to simulate real-world
tasks, such as emergency response, healthcare, and
engineering. The authors highlight the importance of
Al in creating realistic, scalable training programs that
can adapt to the needs of individual learners or teams.
This adaptability, driven by ML, ensures that the
training is both effective and engaging, providing users
with the opportunity to practice skills in environments
that mimic real-world complexities.

7. Human-Machine Collaboration in Education:
Han et al. (2023) introduce a framework for
technology-enhanced education in the metaverse,
focusing on the role of human-machine collaboration
in learner engagement. In this framework, machine
learning models are used to augment human
interactions within virtual learning environments,
allowing for a more seamless blend of human intuition
and machine precision. ML systems provide learners
with real-time assistance, guiding them through
complex tasks and suggesting solutions based on prior
learning data. This approach enhances the development
of both cognitive and practical skills, as learners can
collaborate with Al systems that support their learning
journey.
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8. Mixed Reality and Speech Interactions: Siyaev
and Jo (2021) explore the use of speech interactions
with virtual objects in a mixed reality aircraft
maintenance metaverse, demonstrating how ML
enhances the realism and efficiency of skill training in
technical fields. By integrating natural language
processing (NLP) with machine learning, the system
allows users to interact with virtual objects using voice
commands, creating a more intuitive and immersive
learning experience. This type of training is
particularly effective for developing hands-on skills, as
learners can practice complex maintenance tasks in a
virtual environment that closely mirrors real-world
conditions.

Machine learning is a pivotal technology in the
development of skill training systemswithin the
metaverse. Across various studies, ML has been shown
to enable personalized, adaptive learning environments
that enhance both cognitive and practical skill
development.Whether through intelligent tutoring
systems, deep reinforcement learning, federated
learning, or speech-based interactions, ML facilitates
more efficient, engaging, and scalable training
solutions in the metaverse. As these technologies
continue to evolve, the potential for ML- driven skill
development in virtual environments will expand,
offering increasingly sophisticated training experiences
across a wide range of industries and applications.

The summary of contribution of reviewed papers has
been summarized in Table 1.

Table 1: Summary of literature Review

Refere Focus [ML/AI |Key Challen [Applica
nce lArea  [Role Contribut ges tio
ions Identifi |ns
ed
Huynh |Artificia ML Survey of [Scalabili|Personal
- The |l drives  |Al ty, ize d
etal. [Intellige |dynamic, methods [latency, training,
(2022) ncein [adaptive |(e.g., data smart
the environm [reinforcem privacy fenviron
Metaver |ents ent men ts
se learning,
federated
learning)
in the
metaverse

1JDDT, Volume 16 Issue 20s, 2026

Page 975



Analysis and Study of Intelligent Pedagogical System Personalized Self-Learning in The

Metaverse
Park Metavers ML Defines |[Interopera [Educati| [Zhou |[Federated ML Proposes [Real-time |AR-
& e enhances|taxonomy,bility, datajon, et al. [Learning joptimize resource [resource |enhanc
Kim Compone virtual |metaverse [security, [social (2022)|in Mobilefs allocation [allocation, fed
(2022)[nts and  |interacti jarchitectu fresource |interact AR resource [strategies [computati [training
IApplicati vity and [re, Al managemejion, Metavers [allocatio [for onal ,
ons real-timefintegratio |nt virtual e nin federated |overhead [mobile-
adaptatiojn for training mobile [learning based
n education AR in mobile learnin
al and environ |AR I
industrial ments
applicatio Hajja Real- ML Case Technical [Professi
ns mi & [World |enables [study constraints|ona 1
Lopez [Flipped ML- Integratio [Balancing (Skill Park (Training [realistic [analysis |, user skill
- Learning {driven |n of theoretical|develop| |(2023)(in the virtual |of real- |interaction|training,
Belmo& E- adaptive [flipped fand me nt, Metavers fenviron [world challenges |simulati
nte et [Learning [learning [learning [practical |persona e ments formetaverse ons
al. |in paths  with elements, [lize skill training
(2022) Metavers immersiv |learner  |d lacquisiti [applicatio
e § engageme |educati on ns
metaverse [nt on Siyae |Aircraft |[NLP and Speech- [Speech |Aircraft
simulation v& JoMaintena ML based recognitio mainten
S (2021)nce in  fenhance [interactio [n anc e,
Gu et [EvacuatioDRL  [Developm[Realism |Emerge Mixed |voice |nwith jaccuracy, [technica
al. n optimize ent of an |of ncy Reality [interactiojvirtual  fimmersive|l
(2023)[Training s intelligent|simulation [respons nwith |objects in [experienceltraining
via Deep {dynamic training s, model e, virtual ~ |maintenan
Reinforcefand system forlcomplexit [safety objects |ce
ment realistic freal-time [y training simulatio
Learning |evacuati |decision- ns
on making Han (Technolo ML Human- [Balancing [Educati
scenario et al. |gy- facilitatesmachine |Al onal
S (2023)[Enhancedhuman- |collaborat jguidance [skill
Zeng [Federated ML HFedMS [Heterogen [[ndustri Educationmachine [ion and develop
et al. [Learning models [model for ity in al Metavers [collaboralframewor human  |me nt,
(2022)jin collabor [privacy- (data, training € tion for |k for autonomy |engage
Industrial jate preservingcommunic |, learner |learning ment
Metavers \without |, ation collabo engagem strategie
e sharing |decentrali efficiency [rativ e ent S
raw data [zed learnin Key insights of literature study:
training in Iy
industrial 1. Machine Learning Role: Across all references,
settings machine learning plays a central role in
Chen [Federated FL Comprehe|Limited  (Collabo|  personalization, real-time adaptation, and feedback
et al. [Learning pllows nsive computingrati ve loops within the metaverse. Techniques like deep
(2023)jin collabor survey on [resources, [skill reinforcement learning (DRL) and federated learning
Metavers jative FLfor  |communicdevelop| (FL) emerge as critical tools to optimize learning
€ training [metaverse ation me nt, environments and ensure privacy in distributed
in applicatio pottleneck distribu|  systems.
privacy- s S ted 2. Application Domains: The use of ML spans
focgsed learnin | oo1ious  sectors—from  industrial and emergency
environ e training to personalized education and technical skill
ments acquisition (e.g.,aircraft maintenance).

3. Challenges: Common challenges include
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computational overhead, latency in real-time pedagogical model that integrates with
simulations, and privacy concerns, especially in ML algorithms in the metaverse to enhance self-

decentralized learning models like federated learning.

4.  Technological Innovations: Several studies
highlight resource allocation optimization, intelligent
decision-making systems, and adaptive learning
pathways that are powered by Al, facilitating more
efficient skill development within the metaverse.
RESEARCH GAPS:

Machine Learning Role: Across all references, machine
learning plays a central role in personalization, real-
time adaptation, and feedback loops within the
metaverse. Techniques like deep reinforcement
learning (DRL) and federated learning (FL) emerge as
critical tools to optimize learning environments and
ensure privacy in distributed systems.

Application Domains: The use of ML spans various
sectors—from industrial and emergency training to
personalized education and technical skill acquisition
(e.g., aircraft maintenance).

Challenges: Common challenges include
computational ~overhead, latency in real-time
simulations, and privacy concerns, especially in

decentralized learning models like federated learning.
Technological Innovations: Several studies highlight
resource allocation optimization, intelligent decision-
making systems, and adaptive learning pathways that
arc powered by Al, facilitating more efficient skill
development within the metaverse.

The different research papers are reviewed to find out
the work done by researchers on different pedagogical
system using machine learningwhich understands the
research done so far and also find out the
methodologies, procedures, test cases used by
researchers. Find out the research gaps in the field of
scope of education in metaverse using machine

learning.

Despite advancements in machine learning and
educational technology, current metaverse-based
learning environments are limited in terms of:

1. Personalization: Existing metaverse
platforms often lack mechanisms to

providepersonalized learning experiences that cater to
individual needs.

2. Pedagogical Integration: There is limited
integration of pedagogical theories with ML in the
metaverse to ensure that learning experiences align
with effective teaching practices.

3. Adaptive Feedback: While some systems
provide feedback, they do not fully utilize MLs
capability to offer adaptive, real-time feedback that is
informed by pedagogy.

This research aims to fill these gaps by developing a

learning and skill development.

PROBLEM STATEMENT:

How can machine learning, in combination with
pedagogy modelling, be utilized to create a
metaversebased learning environment that supports
self-directed learning and adaptive skill development?
The research seeks to address the challenge of creating
personalized, immersive learning experiences that
adapt to the learner’s behavior and skill level in real
time, ensuring pedagogically sound outcomes.

SCOPE OF WORK:

The scope of this research includes:

Developing a machine learning-driven pedagogical
framework for the metaverse.

Designing algorithms that model learner behavioursand
provide adaptive, real-time feedback.

Testing the framework in various educational and
professional training environments to evaluate its
effectiveness in promoting skill development.

Creating virtual simulations in the metaverse that allow
learners to practice and develop their skills
autonomously.

Analyzing the impact of ML-driven personalized
learning pathways on learner outcomes, motivation,
and engagement.

RESEARCH OBJECTIVE

1. To Explore the Intersection of Machine
Learning, Pedagogy Modelling, and Immersive
Technologies.

This objective aims to analyze how machine learning
algorithms, educational frameworks (pedagogy), and
immersive like the metaverse can
complement each other. It will involve investigating:

technologies

The role of AI models in automating personalized
learning.

How pedagogical principles can be implemented in
virtual environments.

The potential of AR/VR platforms to enhance
engagement and knowledge retention.

2. To Design Adaptive and Personalized Learning
Models for the Metaverse.

This objective focuses on creating dynamic learning
systems that adjust content and difficulty levels in real
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time based on: . Developing a machine learning-driven
Learner&#39;sbehaviour and progress. pedagogical framework for the metaverse.
. Designing algorithms that model learner
Performance feedback and participation metrics. behaviours and provide adaptive, real-time feedback.
. Testing the framework in various
Uselof machine learning algorithms to predict learner educational and professional training environments
needs and optimize educational paths. to evaluate its effectiveness in promoting skill
development.
3. To Assess the Effectiveness of Self-Learning . Creating virtual simulations in the
Systems in Improving Skill Acquisition. metaverse that allow learners to practice and develop
their skills autonomously.
The goal here is to evaluate how well self-learning . Analyzing the impact of ML-driven
systems in the metaverse foster practical skills and personalized learning pathways on learner outcomes,
knowledge retention. Metrics include: motivation, and engagement.
Engagement levels and time spent on tasks. | Personalized recommendation based on artificial intelligence |
o ¥ | L
Improvement in task performance through continuous ——{ Student classification | P‘:;Z‘;mﬁigg‘;fe |<—
interaction. ] |

Artificial intelligence
recommendation
]

‘ Hierarchical clustering
Feedback loops to determine if learners develop critical 1

thinking and problem-solving abilities over time.

) . . : Teaching Teaching
4. To Identify Key Challenges in Integrating Al- 4‘ Student analyS‘SH content H Evaluation }7
Based Pedagogy Models into MetaversePlatforms. The flowchart titled "Personalized recommendation

based on artificial intelligence" outlines a system

This objective seeks to uncover the technical, designed to optimize teaching and learning processes
educational, and operational barriers in implementing by leveraging Al for tailored education. Here's a
Al-driven learning systems in virtual spaces. It will breakdown of how it functions:
focus on:

Scalability issues related to handling large numbers of 1. Main Goal (Top Block):
learners.

. Personalized recommendation based on
artificial intelligence

This is the central theme. The entire system aims to
personalize learning experiences using Al technologies.

Ethical concerns around data privacy and bias in
learning algorithms.

Challenges in balancing immersive experiences with

i Is. .
structured learning goals 2. Two Primary Parallel Tracks:
5. To Develop a Framework for Continuous
Evaluation and Improvement of Learning Systems.

This objective emphasizes building a feedback
mechanism to monitor the system’s performance over
time and make necessary improvements. It includes:
Data-driven evaluations of learner outcomes to
optimize models.

Periodic updates to the pedagogy model based on
evolving learner needs and educational trends.
Establishing collaborative ecosystems where
educators, technologists, and learners contribute to
system improvements.

PROPOSED SYSTEM

The scope of this research includes:
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A. Student Classification Path (Left Branch):

. Student Classification:

This step involves categorizing students based on
attributes such as learning style, performance, pace, or
preferences.

. Hierarchical Clustering:

Students are grouped into clusters using a hierarchical
clustering algorithm. This helps in identifying similar
learning behaviors or needs.

. Student Analysis:

The clustering results feed into a deeper analysis of
student profiles. This data helps tailor teaching
strategies and content.

B. Course Recommendation Path (Right Branch):

. Personalized Course Recommendation:

Al is used to recommend specific courses or content
tailored to each student's needs or profile.

. Artificial Intelligence Recommendation:
This block likely represents an underlying Al engine or
model (like a recommender system) that processes
student data to suggest the best-matching content.

3. Output Stage (Bottom Row):

The outputs of both branches feed into three core
educational components:

. Student Analysis:

Used to continuously refine understanding of learner
behaviors.

. Teaching Content:

Customized content is generated based on insights from
both classification and recommendation modules.

. Teaching Evaluation:

The effectiveness of teaching strategies and student
progress is assessed, possibly leading to feedback loops
for further personalization.

4. Feedback Loops:
. Arrows
(Student Analysis, Teaching Content, Teaching
Evaluation) back to the earlier stages (like Al
recommendation and course recommendation) indicate
a continuous improvement cycle. Data from evaluation
and analysis improves the recommendation engine and
classification methods over time.

connecting bottom  elements

METHODOLOGY AND ALGORITHM

1. Pedagogy Model Integration: The research begins
by integrating well-established pedagogical models,

such as Bloom’s Taxonomy and Constructivism, into
the metaverse environment. These models will inform
the design of learning pathways and objectives within
virtual simulations.

2. User Profiling: Machine learning algorithms will
be used to build user profiles based on initial learner
input and ongoing behavior within the virtual
environment. These profiles track learning
preferences, progress, and skill level.

will

3. Content Customization: Based on user profiles,
the ML algorithms will adapt instructional content,
simulations, and tasks to suit the individual learner’s
needs. This customization will be dynamic, ensuring
that the learning experience evolves as the learner
progresses.

4. Real-Time Feedback and Adaptation: A deep
reinforcement learning algorithm will be employed to
provide real-time feedback. The system will
continuously adjust the difficulty and type of learning
tasks based on learner performance, ensuring that
challenges are neither too easy nor too difficult.

5. Algorithm Design: The proposed ML algorithm
will follow the structure below:

0 Input: Learner profile (skill level, preferences, prior
knowledge), real-time performance data.

0 Process:  Adaptive  decision-making  using
reinforcement learning for task generation and
difficulty adjustment.

0 Output: Dynamic content, real-time feedback,
updated learner profile.

The methodology for developing Intelligent
Pedagogical Systems (IPS) for the Metaverseinvolves a
structured, step-by-step approach to ensure effective
implementation and optimal performance.

Step 1: Requirement Analysis and Framework Design
focuses on defining the key objectives of the IPS, such
as learning goals, user interface design, and machine
learning (ML) integration. This step involves
conducting surveys and interviews with educators and
learners to gather insights, culminating in a
comprehensive IPS framework specifically tailored for
Metaverse environments.

Step 2: Data Collection and Preprocessing emphasizes
the collection and preparation of data to train and test
ML models. Learner data, including interaction
patterns, learning preferences, and performance
metrics, is gathered from virtual learning platforms.
Text-based learning materials and feedback are
processed using Natural Language Processing (NLP),
resulting in a clean, labeled dataset ready for use.
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Step 3: Algorithm Selection and Implementation
identifies and integrates the most appropriate ML
algorithms for IPS functionalities. Supervised learning
methods, likeRandom Forest and Support Vector
Midhines, are used for learner behavior prediction,
while unsupervised learning, such as k- Means
clustering, groups learners by their learning styles.
Reinforcement learning algorithms, like Deep Q-
Leatning, adapt learning pathways in real-time, and
NLP models like BERT enable content adaptation and
personalized recommendations. This step results in a
modular, ML-driven IPS.

Step 4: Development of the Metaverse Learning
Environment involves the creation of an immersive and
interactive virtual learning space. This includes the
development of Virtual Reality (VR) modules for
simulation-based learning and the implementation of
APIs for real- time data collection and integration with
ML models, leading to a fully functional
Metaverselearning environment.

Finally, Step 5: Evaluation and Optimization assesses
the system&#39;s effectiveness through user studies
measuring learner engagement and outcomes. Different
ML algorithms are compared using metrics like
accuracy, adaptability, and user satisfaction. Feedback
from this evaluation is used to refine the IPS
framework and algorithms, ensuring a validated and
optimized system. This step-by- step methodology
ensures a robust and adaptive IPS designed for
personalized learning in the Metaverse.
CONCLUSION

This research aims to bridge the gap between machine
learning, pedagogy modeling, and metaverse-based
learning environments. By developing a framework
that uses ML to adapt learning experiences based on
pedagogical principles, this study provides a novel
approach to self-learning and skill development. The
integration of real-time feedback and personalized
learning pathways will not only enhance engagement
but also improve learning outcomes. The findings are
expected to demonstrate that this model can
significantly enhance learner autonomy, skill
acquisition, and engagement in a wide range of
educational and professional contexts.

FUTURE SCOPE

Future research can build upon this study in several
ways:

Crpss-Domain Application: The framework could be
extended to various domains such as healthcare,
engineering, or business training, each with its own
specific pedagogical requirements.

Incorporation of Augmented Reality (AR): AR can be

integrated with the metaverse to create mixed-reality
environments, offering a more seamless blend of
virtual and real- world learning experiences.

Scalability and Global Collaboration: Future work
could focus on creating scalable learning
environments where multiple users can collaborate in
real-time across the metaverse.

Advanced Al Techniques: As Al technologies advance,
more sophisticated algorithms, such as neural networks
for predictive analytics, can be integrated to further
enhance the adaptability and intelligence of metaverse-
based learning systems.
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