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Abstract—The article presents a systematic review of artificial intelligence methods for educational
content generation in multi-agent systems. Modern approaches to the automatic generation of
educational questions, lesson plans, and materials were analyzed using large language models. Four
main groups of generation methods were distinguished. generation of educational questions and tasks
using Bloom's taxonomy classification; generation of lesson plans using the step-by-step reasoning-
prompting technique; generation with parametric control of complexity level; and pedagogically focused
approaches that take into account the principles of constructivism in education. Proposed four types of
classification of architectures of educational content generation systems: single-agent, hybrid, and multi-
agent. Each type is characterized by the coordination approach, verification mechanisms, scalability, and
content quality. It is shown that a significant proportion of systems positioned as multi-agent in fact
belong to pipeline or hybrid architectures. Also, existing multi-agent content generation systems were
analyzed, and the feasibility of using a multi-agent approach to build adaptive educational systems was
demonstrated. A conceptual model of a multi-agent system for generating educational content is
proposed, covering the ontological level, the content generation level, learner models, adaptation and
personalization, agent coordination, quality assessment, and feedback. A reference architecture with five
subsystems is proposed: planning, generation, evaluation, adaptation, and coordination. Key open issues
are identified, critical risks of applying generative artificial intelligence in education are determined, and
potential directions for further scientific research are outlined.

Keywords—Multi-agent systems, artificial intelligence, educational content, large language models,

content generation, adaptive learning, intelligent educational systems.

I. INTRODUCTION

In recent years, the rapid development of
generative artificial intelligence and large language
models has significantly transformed approaches to
creating digital educational resources. Automation
of educational content development opens up new
opportunities for personalizing learning, adapting
educational materials to the individual needs of
students, and increasing the efficiency of teachers.
At the same time, the increasing complexity of
educational scenarios requires a transition from the
use of individual models to intelligent multi-agent
systems capable of coordinating the processes of
planning, generation, evaluation, and adaptation of
educational materials.

The article provides a systematic review of
modern methods for applying artificial intelligence
to generate educational content in multi-agent

systems. Approaches to automatically creating
educational questions, lesson plans, and educational
materials based on large language models are
analyzed. Four main groups of generation methods
are distinguished: generation of educational
questions and tasks with classification according to
Bloom's taxonomy, generation of lesson plans using
the step-by-step reasoning prompting technique,
generation with parametric control of the level of
complexity, and pedagogically oriented approaches
that take into account the principles of
constructivism. For each group, characteristic
technical solutions, key evaluation metrics, and
obtained results are defined.

A classification of architectures of educational
content generation systems into four types is
proposed: single-agent, pipeline, hybrid, and multi-
agent. Each type is characterized by criteria of
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coordination, verification mechanisms, scalability,
and quality of generated content. It is shown that a
significant part of systems that are positioned as
multi-agent actually implement pipeline or hybrid
architectures.

Based on the analysis, the feasibility of using a
multi-agent approach for building adaptive
educational systems is substantiated. A seven-level
conceptual model of a multi-agent system for the
formation of educational content has been
developed, which covers the ontological level, levels
of content generation, student model, adaptation and
personalization, agent coordination,  quality
assessment and feedback organization. A reference
architecture has been proposed, which includes
subsystems of planning, generation, assessment,
adaptation and coordination. Key open problems,
risks of using generative artificial intelligence in
education and promising areas of further scientific
research have also been identified.

II. PROBLEM STATEMENT

Digital changes in education have significantly
increased the need for high-quality, personalized
educational content. Traditional approaches to
creating educational materials do not provide the
necessary level of adaptability and scalability, which
makes the development of automated methods for
generating content based on artificial intelligence
(AD) very relevant. At the same time, the complexity
of the educational process, which involves
accounting for students' individual needs,
pedagogical principles, and the specifics of the
subject area, requires the use of multi-agent
architectures that can distribute and coordinate the
functions of generating, evaluating, and adapting
content. Despite the significant progress in the
development of individual methods of content
generation and individual multi-agent architectures,
there is no systematic generalization of the following
areas: there is no classification of architectures of
educational content generation systems, there is no
comparative analysis of existing systems according
to unified criteria, and conceptual models of multi-
agent systems (MAS) for education are partial.

To achieve this goal, it is necessary to classify
the architectures of educational content generation
systems and conduct a comparative analysis of
existing solutions. This comparative analysis is
based on a defined set of metrics (criteria), including
architectural flexibility (scalability), the level of
agent autonomy, the types of educational content
supported, as well as generation speed and
adaptability to user needs.

Let there be a set of alternative architectural
solutions for content generation systems, denoted as

Xz[x1 X ..

evaluating each architecture based on a defined
system of metrics £,

[ XxE->V

xp]. The analysis task involves

where V represents the set of evaluation values. It is
necessary to construct a mapping that identifies the
advantages and limitations of existing solutions to
provide a rationale for the proposed model.

III. ANALYSIS OF RECENT RESEARCH
AND PUBLICATIONS

The issue of generating educational content using
Al is being actively studied. Recent research [2]
reviewed the use of generative Al in science
education, revealing a 4.6-fold increase in
publications in 2023-2024. In article [3], an analysis
of research on artificial intelligence-generated
educational content was conducted. Research [1]
demonstrated the efficiency of classifying educational
questions using Bloom's taxonomy, achieving a
macro-F1 score of 0.70. In article [5], an automatic
question-generation system was developed that
achieved an F1 Score of 0.9523. In research [12] and
[13], the multi-agent educational content generation
systems GenMentor and EduPlanner are presented,
which use exercise-generation mechanisms and an
“evaluator-optimizer” architecture. The architectural
principles for building multi-agent systems for digital
learning are described in [20].

The following remain unresolved:

e the lack of a wunified classification of
architectures of educational content generation
systems;

e the lack of comparative analysis of existing
systems according to unified criteria;

e the fragmentation of conceptual models of
MAS for education.

IV. FORMULATION OF THE OBJECTIVES
OF THE ARTICLE

The main objective of the article is to systematize
Al methods for generating educational content in
MAS, develop a classification of architectures, and a
conceptual model of the system.

To achieve this goal, it is necessary to classify
the architectures of educational content generation
systems, conduct a comparative analysis of existing
solutions, and propose a conceptual MAS model for
generating educational content.

V. MAIN RESEARCH MATERIAL

The formation of educational content is a multi-
stage process that covers the full life cycle of
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educational material: creation, adaptation, delivery,
evaluation, feedback, updating, and archiving. Each
stage can be automated by Al tools.

The generation of educational content is the
process of automatically creating educational
material (questions, tests, tasks, lesson plans, etc.)
using Al methods, particularly Large Language
Models (LLMs). An intelligent learning system is a
software system that provides personalized learning
by adapting the content and pace of instruction to the
learner's needs. Modern systems integrate LLM for
real-time content generation [14], [15].

A multi-agent system (MAS) consists of
autonomous software agents that interact to achieve
a common goal. In an educational context, MAS
distributes the functions of content generation,
evaluation, and adaptation among specialized agents
[12], [13], [20]. A learner model is a formalized
representation of a learner’s knowledge and learning
history for content personalization [17].

The literature analysis helped to identify four
main groups of methods for generating educational
content based on Al:

1) generation of educational questions and tasks;

2) generation of lesson plans and curricula;

3) generation with control over the level of
complexity;

4) pedagogically oriented approaches.

Each group is characterized by specific
approaches, types of input and output data, and
quality assessment metrics. Below is provided a
detailed analysis of each group of methods.

Automatic question generation is one of the most
researched areas. Methods in this group can be
divided into three subgroups according to the level
of complexity of the request:

a) classification of existing questions by
cognitive levels — in the study [1], the ability of
LLM to classify educational questions by six levels of
Bloom's taxonomy (from memorization to creation)
was analyzed. With the use of vector representations,
macro-F1 = 0.70 was achieved, which confirms the
efficiency of LLM for automatic categorization of
questions. In a further study, [7] an approach to
question generation with cognitive level control;

b) generation of the questions based on
educational texts - in work [5], a system based on
pre-trained models with additional training for
different subject areas was developed, F1-score =
0.9523 was achieved for the task of assessing the
quality of generated questions;

¢) generation of context-dependent questions =
in research [8], a question generation system for

learning foreign languages using LLM and
contextual prompts was proposed, demonstrating a
statistically significant improvement in students’
learning outcomes compared to traditional methods.

Generating lesson plans is a more complex task
that requires consideration of pedagogical principles,
learning objectives, and the sequence of material
presentation. The research [9] proposes an LLM-
based system for generating educational materials
that employs a step-by-step reasoning method,
enabling the model to sequentially decompose
complex goals into discrete steps. Experts’ reviews
demonstrated high compliance of the generated
plans according to educational standards.

The complexity control of generated content is
critical for adaptive learning. The research [11]
proposed a model for task generation with parametric
complexity control, based on pre-trained LLMs and
fine-tuning, where the complexity level is specified as
a numeric parameter during generation. This
approach allows precise adaptation of task complexity
according to the student’s level of training.

In study [6], a system “QuerlA” was developed
to generate questions with automatic difficulty
control, achieving over 80% accuracy in level
determination. The system uses a subject-domain
model to adjust question difficulty.

One more class of methods focuses on
integrating pedagogical principles into the process of
generating educational content. The study [4]
examined the use of LLMs to generate formative
tasks that incorporate constructivist principles of
learning. The results showed that purposeful
construction of prompts improves the quality of
generated tasks.

In article [16], a generative pipeline for creating
educational content was presented that integrates
pedagogical templates and teachers' expert
knowledge into the generation process.

An analysis of the data presented in Table I
reveals two key trends. Firstly, there is a shift from
simple content generation to generation that takes
pedagogical requirements into account; methods are
increasingly  incorporating criteria such as
complexity and pedagogical features. Secondly, the
role of hybrid approaches is growing, with LLMs
collaborating with human experts to produce higher-
quality outcomes than fully automated methods.

Based on a review of the literature, a
classification of educational content generation
system architectures distinguished four types
depending on the degree of component autonomy,
coordination approach, and scalability. The
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classification is based on an analysis of the structural
features of the systems described in [10], [12] — [16]
and generalizes them according to uniform criteria.

1) A single-agent architecture involves using a
single LLM agent to perform all content generation
functions, from analyzing learning objectives to
creating the final version. The advantage is ease of
implementation, but the limitations are the lack of
verification mechanisms and the dependence of the
quality of the results on a single model. A typical
example is the direct use of ChatGPT or Claude to
create educational materials.

2) Pipeline architecture organizes the generation
process as a sequential processing chain, where each
stage is performed by a separate module. The output
of one stage serves as the input for the next. The
advantage of this approach is improved quality

through step-by-step filtering; the limitations are the
process's linearity and the lack of feedback between
stages.

3) A hybrid architecture combines automated
components with human involvement in the
management process. The advantage is high-quality
content thanks to human oversight; the limitations
are dependence on experts and limited scalability.

4) Multi-agent architecture consists of a set of
autonomous agents, each of which specializes in a
specific function (generation, review, optimization,
adaptation) and interacts with others via defined
protocols. The advantages include high quality due
to peer review among agents, scalability, and the
ability to expand functionality. The limitations are
the complexity of coordination and higher
computational costs (Table II).

TABLE L. COMPARISON OF AI-BASED EDUCATIONAL CONTENT GENERATION METHODS
Generation method Approach Key Metric Result
Question classification by LLM + embeddings; macro-F1 0.57 — 0.70
Bloom 6 cognitive levels
Question generation based on | Pre-trained LLM with fine- | F1-score 0.9523

educational material tuning

Context-dependent questions
generation

LLM + contextual promts

Learning results Significant improvement

Lessons’ plans generation LLM + chain-of-thought

Expert review Standards compliance

Lessons’ plans generation Hybrid human-Al

Comparison with ChatGPT | Significant improvement

Parametric difficulty control Pre-trained LLMs; Accuracy of difficulty Controlled
numeric parameter level generation
Adaptive complexity control QuerlA; domain-specific Complexity level accuracy | > 80%
model
Pedagogically LLM + prompt Pedagogical quality Significant improvement
oriented generation engineering

TABLE II. A COMPARATIVE ANALYSIS OF ARCHITECTURAL APPROACHES TO EDUCATIONAL CONTENT
DEVELOPMENT SYSTEMS
Criteria Single-agent Pipeline Hybrid Multi-agent
Number of 1 LLM-agent 2-3 sequential | 2—4 (LLM + human) 3+ autonomous agent
components modules
Coordination None Linear Human in the management Autonomous interaction
pattern
Verification None Step-by-step Validation by expert Mutual verification of
mechanism filtering agents
Scalability Low Medium Limited (depends on the expert) | High
Adaptability Depends on Limited (fixed | High (manual) High (automatic)
prompt chain)
Content quality | Unstable Improved by High (human control) High (iterative
filtering improvement)

It is important to note that a significant portion of
the systems described by the authors as “multi-
agent” are in fact pipeline or hybrid architectures,

since the agents in these systems lack true autonomy
and interact only linearly. The criteria for
classification as a multi-agent architecture include
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the presence of autonomous agents with defined

roles, capable of mutual verification, iterative
improvement, and flexible task distribution.
A comparative analysis of the modern

educational content generation systems shows that
multi-agent architectures deliver higher-quality
results due to the distribution of functions among
specialized agents and peer-review mechanisms.
This demonstrates the feasibility of using a multi-
agent approach to build adaptive and scalable
educational content generation systems.

An analysis of multi-agent educational systems
highlights several typical approaches to agent
coordination. The ‘“generator-critic” approach
involves a content-generating agent and a reviewer
agent that evaluates and filters the generated
material. The “evaluator-optimizer” approach uses
an iterative cycle in which the evaluator agent
identifies weaknesses in the material, and the
optimizer agent eliminates them. Agent coordination
can be centralized (a single dispatcher agent
distributes tasks) or decentralized (agents self-
organize via interaction protocols).

Based on the analysis of the literature and existing
systems, a seven-level conceptual model of a multi-
agent system for educational content generation is
proposed. The model integrates the approaches
described in [12] — [14], [20] and synthesizes the
architectural solutions into a unified approach.

1) The ontological level defines the structure of
the domain through knowledge graphs, including
relationships, prerequisites, and levels of cognitive
complexity [18], [19].

2) The content generation level includes the
processes of automatically creating learning materials
using an LLM, taking into account ontological
constraints and pedagogical requirements.

3) The learner model level supports the creation
and updating of individual learner profiles, including
knowledge level, learning style, and learning history.

4) The adaptation and personalization level
ensures that material is customized according to the
student’s profile, including the selection of
difficulty, presentation format, and sequence of
material.

5) The agent coordination level provides
protocols for interaction between agents, role
distribution, and conflict resolution mechanisms.

6) The assessment and quality level integrates
methods of automated and expert evaluation of the
quality of generated content, including metrics and
psychometric indicators.

7) The feedback and adaptation level closes the
loop, helping to improve content based on

assessment results and student

interactions with the material.

analysis  of

Based on an analysis of existing systems, a
reference  MAS architecture comprising five
subsystems is proposed:

1) planning — decomposition of
objectives;

2) generation — creation of various types of
content;

3) assessment — quality control;

4) adaptation — tailoring content to the learner’s
model;

5) coordination — managing agent interaction.

learning

VI. CONCLUSIONS

During this study, current methods for generating
educational content using artificial intelligence were
systematized, specifically, approaches to the
automated generation of questions, lesson plans, and
educational materials with controlled levels of
difficulty. It has been established that the use of
LLMs enables high levels of automation in creating
educational content and opens opportunities for
adaptive and personalized learning.

A classification of educational content generation
system architectures has been formed, identifying
single-agent, pipeline, hybrid, and multi-agent
approaches. It has been determined that multi-agent
architectures offer advantages in terms of scalability,
adaptability, and content quality due to coordination
and mutual verification mechanisms between agents

A seven-level conceptual MAS model for
educational content development is proposed,
covering the entire content lifecycle. The proposed
model synthesizes current approaches to the design
of intelligent educational systems and can serve as a
foundation for further development.

The study identified several outstanding issues
and limitations in the field of educational content
generation in MAS. The main ones include the lack
of a consistent taxonomy of agent roles, a shortage
of comparative studies on mechanisms for shared
memory and agent coordination, the absence of a
unified set of metrics for evaluating content quality,
and insufficient research on “human-in-control”
interaction models. A separate issue is the lack of
long-term studies to assess the impact of Al-
generated content on learning outcomes.

Also, current risks associated with the use of
generative artificial intelligence in education include
the generation of factually incorrect information,
pedagogically inaccurate content for the target
audience, and excessive dependence on specific
LLM models.
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Prospects for further research include the
development of a standardized taxonomy of agent
roles, the creation of unified tools and metrics for
comparative evaluation of systems, the study of
teacher-involved control models, the integration of
knowledge graphs for managing the lifecycle of
educational content, and the conduct of long-term
experimental studies on the impact of Al-generated
content on learning effectiveness.

The scientific novelty of the obtained results lies
in the development — for the first time — of a
conceptual model of a multi-agent system for
generating educational content; unlike existing
solutions, this model is based on the integration of
hybrid artificial intelligence methods and the
dynamic interaction of specialized agents, enabling
the automation of test material creation with a higher
level of adaptation to the learner's needs.
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IO. B. Meabnuk, C. I. Otpox, A. O. Ilaciunok. B. O. Ky3bminux. Cucremaru3oBaHuili miaxig cTBOpPeHHs
HABYAJILHOTO KOHTEHTY IITYYHHM iHTeJIeKTOM B MYJIbTHAT€HTHHUX CHCTEMaxX

VY cTarTi NpeACcTaBIeHO CHCTEMAaTHYHUM OTJISI METOIB IITYYHOTO IHTENEKTY JUIS TeHepallii HaB4aJbHOTO KOHTEHTY B
MYJbTHareHTHUX cHCTeMax. [IpoaHani3oBaHO CydacHi IIAXOAM 10 aBTOMATHYHOI TeHepamii HaBYaJbHUX 3alluTaHb,
IUTaHIB YPOKIB 1 MaTepiaiiB Ha OCHOBI BETMKUX MOBHUX Mojenell. BUIijeHo YoTHPH OCHOBHI IPyIH METOMIB TeHEpaIlii:
TeHepalis HaBYaJbHUX 3allUTaHb Ta 3aBIaHb i3 KilacH(ikaliero 3a TakCOHOMi€lo biryma, reHeparis IaHiB ypokiB i3
BUKOPUCTAHHAM TEXHIKH MPOMITHHTY IMTOKPOKOBOTO MIipKyBaHHS, Te€HEpalis i3 MapaMeTPpUYHHM KOHTPOJIEM pPiBHS
CKJIATHOCTi Ta MEeJarorivHo Opi€HTOBAHI MiIXOAM 3 ypaxyBaHHSAM NPUHIHMIIB KOHCTPYKTHBI3MY B OCBiTi. [[ma koxHOT
TpPynd METOJIB BHOKPEMJIEHO TEXHIYHI IJIXOAW, KIIOYOBI METPHUKHM Ta OTPHMAaHi pe3ynbTaTH. 3arpolOHOBAHO
Kkiacudikamito apxXiTeKTyp cucteM (GopMyBaHHS HaBYAJILHOTO KOHTEHTY 3a YOTHPMa THUIIAMH: OJHOAreHTHA, KOHBEEPHA,
ribpuaHa ta MyibTHareHTHa. KOKeH THIT OXapakTepH30BaHO 3a KPHUTEPISMH IMiAXOAY KOOpAMHALII, MeXaHi3My
Bepudikamii, MaciITabOBaHOCTI Ta SIKOCTI KOHTEHTY. [loka3aHo, 1110 3HAUYHa YaCTHHA CHUCTEM, SIKi TIO3ULIOHYIOTHCS K
MYJbTHAareHTHI, (JAKTHYHO HAJIEXKHUTh JO KOHBEEPHHMX abo TiOpuaHMX apxiTektyp. I[IpoaHamizoBaHO HasBHI
MYJIbTHAreHTHI CHCTEMH TeHepallii KOHTEHTY Ta OOIPYHTOBAHO JOLIJIBHICTh BUKOPUCTAHHS MYJIbTHATCHTHOTO MiJIXOLy
Juisl ToOyJIOBM aJanTHBHUX OCBITHIX cHcTeM. Po3po0ieHO ceMupiBHEBY KOHLENTYaJlbHY MOJEIb MYJIbTHAI€HTHOT
cucrteMd (OpPMyBaHHsI HABYAJILHOTO KOHTEHTY, 1110 OXOIUIIOE OHTOJIOTIYHUI piBeHB, PiIBEHb TeHepallil KOHTEHTY, MOJel
Y4HS, afanTaimii Ta mepcoHaizamnii, KOOpAWHAII{ areHTiB, OIiHIOBAaHHA SIKOCTI Ta 3BOPOTHOTO 3B’ S3Ky. 3alIPOIIOHOBAHO
pedepeHTHy apXiTeKTypy i3 II’AThbMa IiJICHCTEeMaMU: IUTaHyBaHHS, TeHepalii, OLiHIOBaHHS, aJanTamii Ta KOOpAWHAII].
InenTH}iIKOBaHO KITFOYOBI BiAKPUTI MPOOIEMH, BU3HAYEHO KPUTUYHI PU3MKH 3aCTOCYBAHHS T€HEPATHBHOTO IITYYHOTO
THTEJIEKTY B OCBITI Ta OKPECIEHO MEPCIIEKTHBHI HAMPSAMH TOJANBITUX HAYKOBUX JOCTiIKEHb.

Ku1104o0Bi c10Ba: MyJIbTHAreHTHI CUCTEMHU, IITYYHUH iHTEIEKT, HABUAIHHUN KOHTEHT, BEJIMKI MOBHI MOJIEN, TeHEepaIlis
KOHTCHTY, aJalTHBHE HABYAHHS, IHTCICKTyalIbHI HABYAJIbHI CHCTEMH.
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