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Abstract. This paper describes an organizational model of metaversity, and the
ongoing implementation of a Multi-Agent System with Artificial Intelligence.
The goal is to explore a more student-centered approach, supporting them
throughout their academic life. This proposal becomes a complementary means
to traditional teaching, engaging students in a friendly and attentive environ-
ment. Similar approaches are discussed. Reflections are made about the contri-
butions, weaknesses, and future work of the approach. This approach relies on
the Agent-Group-Role Model, MaDkit, and Large Language Models.

Resumo. Esse artigo descreve uma modelagem organizacional de metaversi-
dade, e a implementacdo do Sistema Multi-Agentes com Inteligéncia Artificial.
O intuito é explorar uma abordagem mais centrada no estudante, amparando-o
ao longo da vida académica. Essa proposta torna-se um meio complementar ao
ensino tradicional, procurando engajar o aluno em um ambiente mais amigdvel
e atencioso as suas necessidades. Abordagens similares sdo conferidas. Re-
flexoes sdo reportadas sobre as contribuigées, fragilidades, e perpectivas da
abordagem. Essa abordagem apoia-se em Agent-Group-Role Model, MaDkit, e
Large Language Models.

1. Introduction

In modern societies, young people are exposed to various stimuli and gamified, inter-
active and dynamic environments [Shanmugasundaram and Tamilarasu 2023]. However,
in many universities, teaching is still very traditional, based on the teacher as the main
authority and static materials that do not attract students’ attention. Even learning plat-
forms with more attractive resources, such as Moodle-oriented learning environments
[Olugbade et al. 2023], do not compare to modern visual materials available on video
platforms (e.g. YouTube) or assisted language learning approaches [Loewen et al. 2019].

Since students have specific skills and learn in different ways throughout their aca-
demic life, it is necessary to innovate teaching and learning approaches. The purpose of
this ongoing work is to represent lifelong learners and their companions within metaver-
sity. This proposal is based on the original idea documented in Nobrega et al. (2024),
and agrees on evolutions oriented toward the Multi-agent Systems (MAS) and Artificial
Intelligence (AI) (e.g., Large Language Models (LLMs) [Ross et al. 2025]).

This paper is organized in Sections: Related Work (Section 2), Theoretical Foun-
dations (Section 3), Modeling and Implementation of Metaversity (Section 4), Discussion
(Section 5), and Conclusion (Section 6).
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2. Related Work

Related work that inspired this project includes research conducted by Northwestern’s
CCL [NET-LOGO 2025], which seeks to teach using playful resources (e.g., more didac-
tic platforms [SoftwareTools 2025]).

Kaledio et al. (2024) argue that the advantage of Al in education is its ability to
provide immediate and constructive feedback to students, allowing them to understand
their strengths and weaknesses in real time. This feature, when combined with the archi-
tecture of MAS, can further enhance the learning process.

In Afzaal et al. (2023), the authors propose a “transformer-based approach”,
which models students’ knowledge of various course concepts, guided by their perfor-
mance in various evaluated tasks. Then, this modeling is combined with the learning
support materials offered by a course, generating exercises in a personalized way.

3. Theoretical Foundations

Three key concepts support this work: MAS, Al and Agent-Group-Role (AGR) Model.

A software agent can be understood as a computational entity capable of acting
independently on behalf of its user or owner. In a MAS, agents act collectively through
message exchange to achieve a set of goals [Wooldridge 2009]. For Selker (1994), agents
are entities that simulate a human relationship. They model complex real-world scenarios
with distributed and decentralized information and control.

Al is a branch of science dedicated to the development of systems capable of per-
forming complex tasks that require human intelligence and autonomous decision making
[Minh et al. 2022]. The implementation of intelligent agents in e-learning architectures,
as proposed by Nadrljanski et al. (2018), allows to achieve systems tailored to the needs of
each student. This approach aligns with the current demand for educational environments
that transcend the traditional model and offer truly personalized experiences.

Considering the AALAADIN Model proposed by Ferber and Gutknecht (1998)
and Gutknecht (2001), Agents, Groups, and Roles (AGR) is an Organizational
Model. The groups have roles and agents that play these roles. There are sev-
eral initiatives centered on the AGR model [Seddari et al. 2017] [Abrami et al. 2002]
[Parunak and Odell 2001] [Peng and Peng 2005] [Chebout et al. 2023]. They clarify how
agents interact with each other and define the term “Cheese Boards Diagram”.

4. Proposal of a Metaversity to Lifelong Learners

The proposal of a metaversity to Lifelong Learners is detailed considering: modeling level
based on AGR Model, Personal Online Datastore, and LLMs, as well as the implementa-
tion level with MAS and Al support.

4.1. Modeling Level

In our proposal, we have a conceptual modeling considering a student named Eve; a struc-
ture specified using “Cheese Board” and possible roles that software agents can play in
an educational context (see Figure 1). This modeling focuses on both approaches to data
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Figure 1. Organizational Model based on AGR Model

collection (Short-term and Long-term) [Kompan et al. 2019]. PersonalAgent is transver-
sal to the “Cheese Boards”. This agent is capable of playing different roles. When the
agent is on the “Cheese Board kiriland”, it is an expert in Eve’s academic information.

The PersonalAgent can navigate to other elements of the educational network,
such as Department, assuming even more specialized roles. This allows this agent to learn
about resolutions, minutes, rules, and guidelines specific to this Department. This model
can be extended to other elements of an educational network, such as research laborato-
ries. This self-authored approach is oriented to the General Data Protection Regulation
[GDPR 2018], evidencing a Responsible Al-based proposal.

4.2. Implementation Level

To obtain a proof-of-concept, the MaDkit [MaDkitTool 2025] was used to implement
MAS with a logic involving: (i) knowledge bases specified in JSON files, and downloaded
from Solid PODs (Social Linked Data PODs) [Silva et al. 2024], to infer knowledge from
information provided by students and agencies within the metaversity (e.g., departments),
each with its own dedicated PODs; and (i) LLMs that apply deep learning algorithms to
understand and generate natural language text. We use the Gemini-2.0-flash model, avail-
able in the GoogleAPIs database (https://cloud.google.com/vertex—-ai/
generative—-ai/docs/models/gemini/2-0-flash?hl=pt-br), but other
Al neuro-symbolic model could be addressed. A parser was programmed to convert Gem-
ini’s return into a string, making the response more understandable to Eve.
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Figure 2 illustrates: (a) the deductive approach and (b) the inductive approach.

It includes four essential intelligent entities:

StudentAgent, PersonalAgent, Deduc-

tiveAgent, and InductiveAgent. These agents are dedicated to each student in metaversity,
providing a typical MAS, distributed, asynchronous, reactive, and cognitive.
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Figure 2. Use Scenario of Deductive and Inductive Approaches for Student Eve

The Personal Agent holds the role of Advisor and assists Eve in metaversity. Once
a message 1s received, if the content begins with “EVE HISTORY™, the DeductiveAgent
is invoked, and it accesses Eve’s POD academic data (indices, mentions, workload ded-
ication, courses history, observations, and statistics), structured in a JSON file (“eve-
data.json”). If the content begins with ”AIl RECOMMENDATION”, the InductiveAgent
is invoked, and it uses Gemini to recommend academic improvement opportunities. To
avoid sending Eve’s information to Gemini, the agent filters personal data.

5. Discussion

The integration of Al into education represents transformations in the contemporary ed-
ucational landscape, allowing personalized learning experiences that meet the individual
needs of students [Kaledio et al. 2024]. The development of e-learning systems faces
numerous challenges, including the transition from traditional e-learning to a more user-
centered, interactive, and collaborative model. The use of agent technology represents an
essential approach to address these challenges [Nadrljanski et al. 2018].

In order to clarify how deduction and induction will be used with Symbolic Al,
Machine Learning, and Generative Al, we focus on the metaversity services. For example,
if the question is about internships, the idea is to have a trained/specialized Al in that
context, aiming for precise answers. In this case, Symbolic Al or Machine Learning will
be used. The same will happen for other services that commonly raise questions among
students, such as academic performance, monitoring, tutoring, among others. However,
the student’s questions are expected in various contexts, including unforeseen contexts.
In these other contexts, not specialized through already provided services, Generative Al
with LLMs will be used.

We also have concerns about the security and privacy of sensitive data observed in
the study and look at ways to mitigate them throughout bibliographic research on Smart
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Contracts [Bartoletti et al. 2025] and Self-Sovereign Identity [Akli and Chougdali 2025].
In this sense, the DeductiveAgent plays the role of the DeductiveReasoner. This agent
reasons by following a deductive approach, capable of inferring information considering
the knowledge base structured in a JSON file, available from dedicated POD. Solid POD
has a file storage structure organized into directories, with an emphasis on the ability to
make files publicly or privately accessible, as well as share them via links. This sharing
can involve different permissions: View, Edit, Append, or Control. If desired, files can be
added as bookmarks, verifiable credentials, and even a contact list can be maintained. In
this contact list, for example, students could specify with whom they would like to share
their files, maintaining the privacy of their data according to their preferences. These more
advanced features have not been explored yet. Only student data specified in the JSON file
were made available in the student’s POD public directory, making it possible to obtain
student academic information. The actual integration between the proposed application
and features of Solid POD is currently underway in our deductive approach solution.

6. Final Considerations

This paper reveals efforts to improve student learning throughout their academic lives,
using MAS with Al in a metaversity. We reported some related work, AGR-based mod-
eling, and the implementation of a MAS, highlighting the distribution of responsibil-
ities among agents. In future work, there are architectures to improve agents’ cogni-
tion based on behavior [Bellifemine et al. 2007] or BDI Model (Belief-Desire-Intention
Model) [Pokahr et al. 2014] [BDI4JADE 2021]. The authors are working in this direc-
tion. We are also applying traditional Al to improve deductive agents.
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