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Abstract

Artificial intelligence (Al) is rapidly transforming education, shifting it from static courses to personalized,
adaptive learning ecosystems. According to international organizations (including UNESCO), Al is becoming an
infrastructural element of higher education; within this frame, intelligent agents (IAs) serve as a mechanism for
integrating pedagogical objectives, learner data, and real-time adaptation strategies. This article aims to
systematize the architectural and functional principles of using intelligent agents in educational technologies and
to analyze implementation practices within contemporary AIEd. We trace the evolution from monolithic Intelligent
Tutoring Systems (ITS) to distributed Multi-Agent Systems (MAS) and dialog agents powered by Large Language
Models (LLMs). Empirical findings on the effectiveness of classical ITS are synthesized and compared with
emerging practices of LLM-based agents on mass-scale platforms. The study’s novelty lies in an analytical
comparison across three levels—architectural (ITS/MAS), instrumental (dialogic and analytic functions), and
institutional (policies and deployment metrics)—grounded in evidence from 2023-2025. In addition, we formulate
methodological guidelines for responsible adoption (explainability, fairness, and data protection) to balance
automation with pedagogical oversight and to define requirements for scalable, ethical, and transparent learning
ecosystems.

Keywords: intelligent agents; Intelligent Tutoring Systems (ITS); Multi-Agent Systems (MAS); adaptive
learning; ITS architecture.
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Anjarna

XKacauzxpr maTennekr (OKM) Oimim Oepy camachIH >Kemel TYPIACHAIPIN, OHBI CTATHKAJBIK KypcTapiaH
JKEKEIICHAIPUITEH >koHe OCHIMICHTIIN IKOXKyHenepre Kemrpyae. XaabIKapanblk YHBIMIAPABIH (COHBIH IIIIHJIC
UNESCO) nepekrepine coiikec, KU sxorapsl Oimim Oepy KyieCiHiH HH)PAKYPhUTBIMABIK 3JICMEHTIHE alHATYJa.
Ocbl Typreiaa WHTCIDIEKTYANXAB! arcHTTEp (MA) memarormkaiblKk MakcaTTapapl, OLTM ajiymmbuap Typaisl
JICPEKTEPAl KOHE HAKTHI YaKbIT PEOXKHMIHACTI OCHIMIENy CTpaTeTHSIApPhIH OIPIKTIPY TETirli peTiHze
KapacTeIppiianbl. MakamaHelH MAaKcaThl — HHTCIDICKTYANAbl arcHTTEpAl OumiM Oepy TEXHOIOTHSLIAPBIHAA
KOJIIAHY ABIH APXHTCKTYPAIBIK KOHC (DYHKIHOHAIIBIK KAFHIATTAPBIH KYHENIRy >koHE Kazipri 3amamrsr AIEd
OaFbITHI AICHIHIA CHTI3Y TOKIpHOenepiH tamxgay. Makamaga MOHONUTTI MHTEIUICKTYAIAbl OKBITY >KYHEJICpIHCH
(MOX) rapatsurran kemareHTTI kyheaepre (MAXK) sxore yakeH tinmik yarimepre (BTY/LLM) HerisaenreH
JHANOTTHIK arCHTTCPTe ACHIHTI 3BOMFOIHA KapacTwipbutaasl. CoHmaii-ak moctypai MOXK tuiMmimiri GoHBIHIIA
SMIUPUKAIBIK HOTIGKEJICP KOPBITBUIAABI JKOHE OJIAP JKANad KOJJAHBLIATHIH IDiaTgopmanapaarsl LLM-
areHTTEP/IH KaHA TOKIPUOCICPIMEH CaTBICTBHIPHIIA L. 3EPTTCY IiH FHLUIBIMH >KAHATBIFBI 2023—2025 sKpLigapaarb
JICPEKTEPTe CYHEHE OTHIPHIN, Y ACHreHaeTi — apxutekrypaibk (MOK/MAXK), HHCTPYMCHTAIIBIK (IHATOTTHIK
JKOHE AHAIMTHKANGIK (YHKIILIAP) SKOHE HHCTHTYIHOHANIBIK (CascaTrap MEH CHII3Y METPHKANapel) —
AHATMTHUKAIBIK CATBICTHIPYBIHAA. COHBIMEH KaTap, >KayanThl CHII3YAIH OJICTEMENiK Oaraapiapsl (TYCIHAIPY
MYMKIHZITI, 9AITIIK, ACpeKTepai KOpFay) aWKbIHIAJBIL, aBTOMATTAHABIPY MCEH IEAATOTHKAIBIK OAKbLIAY AbIH
TEIE-TEHMAITIH KAMTAMaChl3 €TYIC >KOHE AayKbIMIbIL, ITHKANBIK Opl alIbIK OKY JSKOKYHEICpiHE KOMBLIATHIH
TaNANTapAbI AHBIKTAYFa OAFBITTAJFAH.
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Kinr ce3aep: mHTEIIEKTYanmbl areHTTEp; HHTEIUIEKTYandbl oKty okyienepi (MOX);, kemareHrtTi
skytienep (MAXK); oetiimaenrinn okpity; MOXK apxurekTypacsr.
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AHHOTAHSA

HUckyccreennsnii naremnekt (MW) yckoperHO TpanchopMupyeT 00pazoBaHue, IEPEBOIS €TO OT CTATUYHBIX
KyPCOB K IIEPCOHATH3UPOBAHHBIM U aANITUBHBIM 3KOCcHCTEMaM. [10 TaHHBIM MEKIyHAPOJHBIX OpraHM3aLlui (B
ta. UNESCO), UM cranourca HH(QPACTPYKTYPHBIM 3JEMCHTOM BBICHOICH MIKOJBI, B J3TOH paMKe
HHTCJUICKTYa bHble areHThl (MIA) BBICTYNAFOT MEXaHW3MOM HMHTCTPAIMH TIETATOTHYECKUX LENCH, TAHHBIX 00
OOYYarOIIMXCSl W CTPAaTeTHH aJanTalMd B pPEaJbHOM BpeMeHH. llemp cratbi — CHCTEMAaTH3HPOBAThH
ApXUTCKTYPHbIC M (DYHKIMOHAThHBIC TPHHIMIEI HCHONB30BAaHUSI MA B 00pa3oBaTEIbHBIX TEXHOIOTHAX H
MPOAHATM3HUPOBATh MPAKTHKH BHCAPCHHSA B KOHTCKCTC COBpeMcHHOro HampamicHHsS AIEd. Paccmarpusaercs
3BOJIFOLISI OT MOHOJIMTHBIX HHTEIUICKTYaIbHBIX 00yuaromux cucreM (MOC) k pacnipene i HHBIM MHOTOAreHTHBIM
cucremMaM (MAC) u 1HanorOBBIM arcHTaM Ha 0a3e OompmmX A3BIKOBBIX MoacneH (BSIM/LLM). O6obmarorcs
SMIUPUYECKHE Pe3yIbTaThl MO () (perTuBHOCTH Kiaccmueckux MOC u comocTaBstoOTCs ¢ HOBBIMH IPAKTHKAMH
LLM-areHToB Ha MaccoBbX Imardopmax. Hay4nas HOBH3HA COCTOHMT B AHATMTHYCCKOM COIIOCTABICHUH TPEX
yposHeit: apxurekryprHoro (MOC/MAC), WHCTPYMCHTATBHOTO (IHATIOTOBBIC M AHATHTHYCCKHC (DYHKIMH) H
HHCTHTYLIHOHANBHOTO (MOMHTHKHM, METPHKH BHEAPEHHA) Ha Martepuane 2023-2025 rr. JIONOMHUTEIBHO
(hOPMYITHPYIOTCS METOJMYCCKHE OPHCHTHPHI OTBETCTBEHHOTO BHEIPEHHS (OOBACHHUMOCTH, CIPABEIIUBOCTD,
3a0IMTa JAHHBIX), 00ECIICUNBAONIHE OATAHC MEXTY aBTOMATH3ALNCH 1 IIEAarOTHICCKIM KOHTPOJIEM H 33 TAFOIIIC
TPeOOBAHMS K MACINTAOMPYEMBIM, 3THYHBIM H MPO3PAYHBIM SKOCHCTEMAM OOYICHILL.

Kirouerbie ¢JI0BA: HHTCIUICKTYATIBHBIC ArCHTHI, HMHTCILICKTYanbHBIC oOyuarommue cucremsr (MOC);
MHOTOoarcHTHEIC cucteMbl (MAC); amamrusHOe 00yucHHUE, apxuTtekrypa MOC.

Introduction

Artificial intelligence (Al) is rapidly transforming educational practices, shifting the
focus from static courses to personalized and adaptive learning ecosystems. International
organizations emphasize the systemic nature of this shift: UNESCO reports accelerated Al
integration in higher education, noting that two-thirds of universities have already developed
or are developing guidelines for its use, while nine out of ten faculty members report regular
application of Al tools in their professional activities—primarily for research and writing [1-
2]. These data indicate that Al has ceased to be an “experimental tool” and has become an
infrastructural element of higher education.

Concurrently, the body of empirical and analytical literature supporting AI’s potential to
enhance learning outcomes and administrative efficiency is expanding. For example, a global
student survey found that 86% of students reported using Al in their studies, with over half
using it weekly [3]. The 2024 EDUCAUSE AI Landscape Study similarly highlights how Al
and learning analytics are creating prerequisites for reconfiguring educational ecosystems at the
course, institutional, and system levels—from adaptive learning trajectories to the
transformation of data-driven organizational cultures [4].

By 2023-2025, the momentum has intensified due to the rise of dialogue agents powered
by large language models (LLMs). Major platforms illustrate a practical “scaling shift”: for
example, Duolingo’s “Max” tier introduced “Explain My Answer” and “Roleplay” features
based on GPT-4 (March 14 2023) [5]. These cases demonstrate not only the technological
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maturity of LLM-agents but also their economic and organizational significance for the EdTech
sector [6].

On the policy and regulatory side, the debate has shifted from whether to implement Al
to how to implement it safely and responsibly. A recent multi-stakeholder study on responsible
Al in education emphasises the need for transparency, explainability and fairness in Al
deployment [7].

Within this framework, intelligent agents emerge as a natural mechanism for aligning
pedagogical goals, learner data and adaptive strategies. The evolution from monolithic
Intelligent Tutoring Systems (ITS) to Multi-Agent Systems (MAS) addresses the challenges of
scale and diversity: distributing functions among pedagogical, diagnostic, recommendation and
interface agents enables real-time coordination of personalization across content, navigation
and learning pace. Simultaneously, LLM-based agents expand the dialogue dimension,
compensating for the shortage of individualized tutoring and reducing the transactional costs of
supporting large learner cohorts [4, 8].

The significance of this research lies in:

e systematizing the architectural roles of intelligent agents in the transition from
classical ITS to MAS;

¢ integrating empirical evidence of ITS effectiveness with contemporary LLM-based
practices on large-scale platforms; and

o formulating methodological guidelines for responsible Al deployment (XAL privacy,
fairness) aligned with international frameworks.

The scientific novelty lies in an analytical comparison across three levels—architectural
(ITS/MAS models), instrumental (dialogic and analytical functions of agents), and institutional
(policy frameworks and implementation metrics)—based on empirical data from 2023-2025.

Research methods

The purpose of this article is to systematize the architectural and functional principles of
using intelligent agents (IA) in educational technologies and to analyze practical
implementations and current development trends in Artificial Intelligence in Education (AIEd).
To achieve this goal, an analytical comparison was conducted across three key levels of
integrating intelligent agents into education: architectural, instrumental, and institutional.

Theoretical and Evidential Basis

The historical foundation for analyzing modern “smart” learning systems draws upon
research in Intelligent Tutoring Systems (ITS). The study employed meta-analyses confirming
the consistently positive impact of ITS [9] — for instance, Kulik and Fletcher demonstrated a
median learning gain of approximately 0.66 standard deviations across 50 controlled
evaluations, establishing an empirical foundation for the transition toward multi-agent
architectures.

Analytical Approaches

The main research methods included systematization and analytical review,
encompassing three complementary perspectives:

e The study systematized the architectural roles of intelligent agents in the transition
from classical monolithic ITS structures (comprising domain, student, pedagogical, and
interface models) to distributed Multi-Agent Systems (MAS). Special attention was given to
the evolution of agent functions—from cognitive support to distributed, cooperative roles, such
as detector agents, corrector agents, and observer agents.

o This stage integrated empirical evidence on the effectiveness of classical ITS systems
(e.g., COACH, LimTUTOR, RadarMath) with the new practices of dialog-based LLM agents
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that emerged between 2023 and 2025. Functional characteristics of multi-agent platforms
(MASPLANG, PitchQuest, MEDCO) and their integration with Learning Management
Systems (LMS) (Jill Watson, D2L Intelligent Agents) were also examined.

e This analysis focused on policies and regulatory frameworks governing the adoption
of Al in education, emphasizing safety, accountability, and ethics. Reports and guidelines from
international organizations were reviewed. Based on these sources, methodological guidelines
for responsible Al implementation were formulated, including principles of explainability
(XALI), algorithmic fairness, and protection of learners’ personal data.

Data Sources

The research relied on recent empirical and analytical data (2023-2025), as well as a
comprehensive body of academic literature, including reviews published in the Journal of
Artificial Intelligence in Education and IEEE Transactions on Learning Technologies, along
with proceedings from the Al in Education and IEEE TLT conferences.

Research results

1. Evolution of the Architecture of Intelligent Tutoring Systems: From Classical Models to
Multi-Agent Approaches

The development of Intelligent Tutoring Systems (ITS) has been one of the central
directions in the evolution of educational technologies. The first systems of this type began to
emerge actively in the 1970s—1980s as a logical continuation of Computer-Aided Instruction
(CAI) systems — software designed for the automated delivery of learning materials and
assessment of student knowledge. However, unlike CAI, which relied on fixed interaction
scenarios, ITS introduced a fundamentally new level of adaptivity, capable of modeling the
learner’s reasoning, errors, and individual cognitive style. Thus, the paradigm shifted from the
principle of “the machine transmits knowledge” to “the machine understands and adapts to the
learner” [10-11].

At the core of any ITS lies the concept of individualized learning. Research shows that
personalized instruction can significantly enhance learning efficiency. According to a meta-
analysis by Kulik and Fletcher [9], the use of intelligent tutors improves students’ academic
performance by an average of 0.66 standard deviations compared to traditional instruction. This
effect has been consistently confirmed in reviews published in the Journal of Artificial
Intelligence in Education and IEEE Transactions on Learning Technologies, which demonstrate
that ITS not only improve knowledge retention but also foster metacognitive skills — the
learner’s ability to self-assess and self-regulate the learning process.

The architecture of ITS has developed at the intersection of cognitive psychology,
pedagogy, and artificial intelligence [12]. An effective ITS must include three key elements:
knowledge, dialogue, and the student model. These principles are typically implemented
through four interrelated modules, which have become classical components of ITS architecture
(see Figure 1).
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Figure 1 Architecture of an Intelligent Tutoring System

Within this architecture, intelligent agents begin to play a key role — autonomous
software entities that perform functions of interaction, analysis, and tutoring. Such agents can
act as pedagogical mentors (pedagogical agents), providing feedback and encouragement, or as
interface assistants (assistant agents), helping users navigate course materials, manage their
learning, and reduce cognitive load. Examples include systems developed under the AutoTutor
and Andes Physics Tutor projects, where virtual characters not only assess the correctness of
answers but also engage in dialogue with learners, simulating realistic communication scenarios
between a student and an instructor.

Intelligent Tutoring Systems (ITS) have the potential to support all levels of cognitive
activity identified in Bloom’s Taxonomy — from memorization to analysis and synthesis [13].
Such an architecture exerts a comprehensive influence on the learner’s cognitive processes,
fostering the development of critical thinking and independent problem-solving. ITS also allow
instructors to focus on higher-order cognitive tasks while the system handles routine functions
such as monitoring and assessment.

However, classical ITS face limitations due to their monolithic structure. All components
operate within a single program, which makes the system inflexible when it comes to
scalability, knowledge updating, or integration of new tools. Inthe context of the rapid growth
of online education and the diversity of learning environments, such architecture becomes less
efficient. According to the OECD Digital Education Outlook [14], the number of students
enrolled in online learning platforms has doubled over the past five years, necessitating a
transition from centralized models to distributed and self-adaptive systems.

The solution to these challenges has been the shift toward Multi-Agent Systems (MAS),
representing a new stage in the evolution of ITS. In multi-agent architectures, individual
intelligent agents perform specialized functions — from error diagnosis and recommendation
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generation to communication management and content adaptation. This modular and
distributed design makes the system scalable, flexible, and more resilient to changes in the
educational environment. Research presented at Al in Education 2023 and IEEE TLT 2024
shows that using distributed architectures reduces system adaptation time for new users by 30-
40%, while the accuracy of task difficulty selection reaches 85-90% [15-20]. Similar results
were observed in the implementation of multi-agent platforms such as ActiveMath and
MASPLANG [21], where multiple agents collaboratively analyze learner behavior and
construct personalized learning trajectories.

Thus, the evolution from classical Intelligent Tutoring Systems to multi-agent models
reflects the broader trend of education digitalization — a shift from centralized and static
solutions to distributed, adaptive, and cooperative systems. The multi-agent approach combines
pedagogical, cognitive, and technical advantages, ensuring a high level of personalization and
interactivity. This makes intelligent agents not merely a technological enhancement, but a core
instrument in shaping next-generation educational ecosystems, where artificial intelligence acts
as a partner to the instructor in achieving shared learning goals.

2. Multi-Agent Systems and Adaptive Learning

The transition from the classical architecture of Intelligent Tutoring Systems (ITS) to
Multi-Agent Systems (MAS) has been a natural result of the pursuit of greater adaptivity,
scalability, and contextual flexibility in educational technologies. While ITS were built around
a centralized model responsible for processing knowledge and making instructional decisions,
MAS distribute the management of the learning process among multiple autonomous agents
that interact with one another through cooperation and knowledge exchange.

Each intelligent agent within a MAS represents an independent entity with its own goals,
knowledge base, and communication mechanisms. In the educational context, these agents
perform specialized functions aimed at enhancing learning efficiency and individualization.

Figure 2 presents a classification of modern intelligent agents in education.

Modern Intelligent Agents

Teacher Support Agents Student Support Agents Administrative Agents
« Automatic distribution Monitoring learning progress « Scheduling meetings
of course materials; and performance analysis and notifications;
« Monitoring student Searching for and selecting « Coordinating academic
activity and educational materials timetabales;
sending alertabout Time management (reminders, = Finding colleagues with
potential issues; deadlines, scheduling) similar research
* Assessing essays Forming study groups based interests;
and tests on shared interests « Selecting mentors and
« Identifying students' Recommending suitable academic advisors.
learning styles learning styles
« Detecting learning
difficulties

Figure 2. Classification of Modern Intelligent Agents in Education
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Interaction among agents occurs through cooperation, knowledge exchange, and dynamic
task redistribution, which makes the system more flexible and resilient.

Empirical research confirms the effectiveness of multi-agent architectures. In the
ActiveMath system developed in Germany, collaboration among several agents enables the
automatic selection of mathematics exercises tailored to students’ cognitive styles and error
patterns. In the MASPLANG project [21], each agent fulfills a clearly defined role: the User
Agent maintains the student model, the Pedagogical Agent manages the instructional strategy,
the Exercise Adapter generates adaptive exercises, and Monitor Agents track user actions and
assess the learner’s knowledge state. The LearnSphere system, implemented in U.S.
universities, applies a distributed agent architecture to analyze data on the learning activities of
thousands of students, providing timely recommendations and early identification of signs of
academic difficulty.

One of the key advantages of multi-agent systems is their ability to provide deep
personalization of learning. While adaptation in classical ITS was centralized, in MAS each
agent contributes its own aspect of individualization. For example, an Observer Agent records
student actions — such as time spent on tasks, number of clicks, and references to help materials
or video lessons; a Diagnostic Agent analyzes typical mistakes and updates the learner model;
a Motivation Agent assesses engagement and introduces gamified elements (badges, scores,
reminders); and a Prediction Agent applies machine learning algorithms such as Decision Tree,
Random Forest, or XGBoost to predict the likelihood of successful course completion.
The collaboration of these agents creates a closed adaptive loop: observation — analysis —
recommendation — action — evaluation. As a result, the system becomes self-learning — it
not only adapts to the learner but also improves its own pedagogical strategies based on
accumulated interaction data [22-24].

An important feature of multi-agent systems is their ability to account for individual
learning styles. Intelligent agents can automatically identify learner preferences based on
behavioral patterns — for example, by the type of materials viewed, the duration of interaction
with visual elements, or the frequency of access to theoretical content. After identifying a
learner’s profile, a Recommender Agent constructs an adaptive learning path, offering materials
and interaction formats optimized for that cognitive style. Consequently, engagement increases,
learning becomes faster, and cognitive load is reduced.

In addition, intelligent agents have become an integral part of the digital infrastructure of
distance learning. In modern platforms (e.g., D2L Brightspace), agents automatically monitor
student activity, send personalized notifications, motivational messages, and performance
improvement tips. They analyze time-series activity data, identify periods of declining
engagement, and can automatically alert the instructor with a recommendation to schedule a
personal consultation. According to Desire2Learn Insights (2024), the use of such agents
increases the likelihood of course completion by 18-22% compared to groups without agent-
based support [25-27].

From a pedagogical perspective, an important function of agents is supporting instructors.
So-called Digital Teaching Assistants (for example, Jill Watson, developed at the Georgia
Institute of Technology) handle routine tasks such as responding to frequently asked questions,
sending announcements, managing deadline reminders, analyzing attendance, and grading
essays. This frees instructors’ time for more meaningful interaction with students requiring
individual support. At the same time, Digital Classmates — student-support agents — help
manage time, form study groups based on interests, select appropriate resources, and even
recommend nearby authorized proctoring centers for exam completion. Some universities have



M. Ko3bi0aes ateinaarsl CKY Xa6apumbics /
Bectanuk CKY umenu M. Ko3bi6aesa. Ne 4 (68). 2025 189

also introduced Digital Secretaries, administrative support agents that coordinate meetings,
analyze schedules, and allocate campus resources.

The implementation results of multi-agent systems in education confirm their practical
effectiveness. According to IEEE Transactions on Learning Technologies [28] and the AIED
Conference [29], the use of MAS increases student retention by 20-35%, reduces course
completion time by 15-25%, and improves academic performance prediction accuracy up to
90%. Moreover, both students and instructors report higher satisfaction levels, as interaction
with agents is perceived as more personalized and responsive compared to traditional learning
management systems.

3. Examples of the Use of Intelligent Agents in Education

The development of intelligent agents in education has led to the creation of a wide range
of systems that differ in purpose, architecture, and level of interactivity. Some are focused on
cognitive support and adaptive content delivery, while others are designed for automated
assessment, instructor assistance, or simulation of professional scenarios.

Table 1 presents the most illustrative examples of such systems, reflecting the evolution
of intelligent learning technologies — from classical expert-based systems to multi-agent and
dialogue-driven platforms.

Table 1. Examples of systems utilizing intelligent agents in education

System Purpose Implementation Features and Agent Functions
Larly Developments

Models user actions, tracks errors, and provides

Teaching adaptive hints based on the learner’s problem-solving

COACH programming 1 strategy. One of the first examples of cognitive
Lisp .
adaptation.
Demonstrates sample solutions, analyzes student
LimTUTOR Studying function  reasoning, and offers corrective recommendations.

limits Capable of assessing not only the final answer but also
the logic of the solution process.

Second Generation

Mathematics Automatically evaluates textual and formula-based
RadarMath responses, recognizes multiple equivalent forms of

learning ) ) . : A
expressions, improving grading objectivity.

MASS (Multi- Emplpys a multl-e}gent a.rchltecture including .
Agent Scoring Autqmated essay llngulsth, semantic, styllst}c, and content agents. Their
& scoring cooperation enhances scoring reliability and reduces

System) PRI
algorithmic bias.
Third Generation
Hypermedia Includes a pedagoglcal.ager;t, }rlnomtorlng agents, an
MASPLANG distance learning exercise adapter, apd virtual characters (SMIT and
svstem SONIA) that provide emotionally oriented feedback.
¥ Supports content adaptation to learning styles.
Learning environment with multiple roles: mentor
. Venture pitch agents, investor agents, evaluator agents, and a
PitchQuest : . o . .
simulation progress agent. Develops skills in public presentation

and entrepreneurial thinking.
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Simulates clinical scenarios with patient, physician,
MEDCO Medical education  and radiologist agents. Develops clinical reasoning
and decision-making under uncertainty.

Modern Solutions

Responds to student questions, posts announcements,

Jill Watson Virtual teaching and analyzes message contexts in online courses.
(Georgia Tech) assistant Reduces instructor workload and accelerates
communication.

Automatically monitors student activity, sends

. LMS f . . . S
D2L Intelligent S for personalized notifications, motivational messages, and
A asynchronous )
gents leaming reports to instructors. Enhances engagement and

student retention.

The presented systems demonstrate different approaches to integrating intelligent agents
into the educational process. Early developments focused on modeling students’ cognitive
activity and adapting task difficulty levels [30-31]. These systems were the first to show that a
software environment could function as a tutor capable of addressing individual errors and
adjusting to each learner’s pace of knowledge acquisition [31].

Second-generation systems expanded this idea by applying natural language processing
(NLP) and machine learning methods to automate assessment. As a result, grading time for
written and mathematical assignments was significantly reduced, while the consistency of
automated evaluations with expert judgments reached 90% or higher [31]. A particularly
notable example is the use of a multi-agent structure in MASS, where each subsystem performs
its own analytical function, contributing to a balanced and reliable final result [30].

In the third generation, intelligent agents operate collaboratively rather than in isolation,
forming a distributed learning ecosystem. MASPLANG adapts content and navigation to
individual learning styles, PitchQuest develops business and presentation competencies through
realistic simulation, and MEDCO brings learning into the context of professional practice — a
critical factor in the training of medical and engineering specialists [30].

Modern solutions demonstrate the integration of intelligent agents into university learning
infrastructures. Rather than replacing instructors, these systems enhance their role by providing
personalized student support and automating routine administrative tasks. The implementation
of such agents has led to a 20-25% increase in student retention rates in online courses and a
reduction in instructor workload by up to 30% [32-33].

Discussion

The interpretation of the obtained results indicates that the development of intelligent
agents reflects the global trends in the digitalization of education and enhances pedagogical
outcomes when implemented responsibly. Multi-agent systems provide a balance between
automation and individualization: they handle routine operations — such as monitoring,
notifications, and content adaptation — allowing instructors to focus on strategic and
motivational aspects of teaching.

The reviewed examples (COACH, LimTUTOR, RadarMath, MASS, MASPLANG,
PitchQuest, MEDCO, Jill Watson, D2L Intelligent Agents) demonstrate that the evolution of
intelligent agents in education has progressed through three main stages:

e Cognitive tutoring — modeling students’ reasoning and adapting task difficulty
(COACH, LimTUTOR).

e Automated assessment — applying NLP and machine learning for objective grading
(RadarMath, MASS).
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e Distributed and dialog-based ecosystems — multi-agent collaboration and simulation
of real professional contexts (MASPLANG, PitchQuest, MEDCO).

Modern solutions such as Jill Watson and D2L Intelligent Agents illustrate the integration
of Al into LMS infrastructures, where intelligent agents do not replace instructors but augment
their capabilities, reducing administrative workload by 25-30% and increasing student
retention by 20-25%.

However, the implementation of intelligent agents in education is accompanied by several
ethical and organizational challenges. The key issues include:

e Protection of personal data and transparency of decision-making (Explainable Al

XAI);

e Minimization of algorithmic bias in assessment processes;
e Preservation of pedagogical control and human presence in digital learning

environments;

¢ Enhancement of instructors’ digital competence.
The following diagram (Table 2) presents the key directions and mechanisms of
intelligent agent implementation at each level of the educational system.

Table 2. Recommendations for the Implementation of Intelligent Agents in Education

Goals and Priorities

Key Actions and Mechanisms

Expected OQutcomes

Level of Implementation: Universities and Educational Organizations

1. Formation of an
Institutional AIEd
Strategy

2. Ethical and Legal
Standards

3. Data and Analytics
Infrastructure

4. Staff Training

Develop a “roadmap” for
implementation (pilot — scaling —
institutionalization); integrate agents
with LMS/SIS/LRS (xAPI, Caliper);
include AIEd in strategic documents.
Adopt local regulations on responsible
Al use; ensure transparency, data
protection, and the right to appeal;
establish an AIEd Committee.
Integrate intelligent agents with
analytical dashboards; create a unified
system for monitoring engagement and
performance.

Organize professional development
courses on Al applications and
Explainable Al (XAI) principles;
enhance instructors’ digital literacy.

Reduction of digital solution
fragmentation; sustainable
integration of Al into the
educational process.

Increased trust among students
and instructors; compliance
with international standards
(UNESCO, OECD).

Ability to predict academic
risks and personalize learning
pathways.

Preparedness of academic staff
for hybrid (human—AT)
teaching formats.

Level of Implementation: Instructors and Tutors

1. Hybrid Tutoring

2. Pedagogical
Oversight and Ethics

Delegate routine tasks to agents
(grading, reminders, initial feedback);
maintain focus on critical thinking and
student motivation.

Monitor the accuracy of agent
recommendations; adjust notification
frequency; maintain pedagogical
presence in the learning process.

Reduction of administrative
workload by 25-30%;
increased individualization of
learning,.

Balance between automation
and 1nstructor involvement.
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Analyze activity logs and agent reports

3. Use of Agent to refine teaching methods and curricula;

Improved diagnostic precision

Analytics D ) . . . . nd conten ion quality.
alytics Data identify student learning difficulties. and content adaptation quality
Use Al to develop students’ self- .
. " . Development of metacognitive
4. Reflective Al assessment and metacognitive skills . 4
. o . : competencies and reflective
Integration (error analysis, dialogic explanations,

. . leaming.
solution comparison).

Thus, the implementation of intelligent agents at both the institutional and pedagogical
levels requires coordinated strategic, methodological, and technological efforts. The university
is responsible for establishing the regulatory and infrastructural framework and fostering a
culture of responsible AI, while the instructor ensures pedagogical adaptation and maintains a
balance between automation and human interaction. The joint realization of these directions
creates the foundation for a sustainable, adaptive, and ethical educational ecosystem of AIEd.

Conclusion

The study demonstrates that intelligent agents have become a system-forming element of
digital education, ensuring the transition from monolithic Intelligent Tutoring Systems (ITS) to
distributed multi-agent ecosystems and, subsequently, to dialog-based solutions based on Large
Language Models (LLMs). The evolution path — CAI — ITS — MAS — LLM agents — is
accompanied by a qualitative increase in adaptivity, personalization, and resilience of systems
when working with large and diverse learner populations.

The classical ITS architecture (domain model, student model, pedagogical model, and
interface model) remains the theoretical framework upon which multi-agent mechanisms of
cooperation and role distribution are built. This architecture enables the implementation of a
continuous learning cycle — observation — analysis — recommendation — action —
evaluation — while accounting for learning styles and motivation dynamics. Practical
verification demonstrates a wide range of applications — from early tutors (COACH,
LimTUTOR) and assessment tools (RadarMath, MASS) to adaptive hypermedia systems
(MASPLANG), professional simulations (PitchQuest, MEDCO), and LMS-integrated agents
(Jill Watson, D2L Intelligent Agents).

Overall, the findings indicate that intelligent agents are not an add-on to courses but the
foundation of modern educational architecture. Their successful implementation relies on the
combination of evidence-based pedagogy, transparent engineering, and responsible data policy.
When these principles are observed, agent-based systems become a mechanism for augmenting
human intelligence, enhancing the quality, accessibility, and human-centered nature of
education.
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