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TOOLS TO SUPPORT PROGRAMMING EDUCATION WITH
THE HELP OF MULTI-ROLE AI AGENTS

The article theoretically substantiates and experimentally validates a multi-role system of Al agents—Tutor, Evaluator,
and Coach—for supporting programming instruction in higher education institutions. It is shown that the ad hoc use of generative
models by students without pedagogical design creates risks of substituting independent work, violating academic integrity, and
making assessment non-transparent. The aim of the study is to design and test an architecture of a multi-role agent system with
controlled pedagogical support density, which ensures the individualization of learning while preserving the leading role of the
instructor. The methodological basis comprises an analysis of scholarly literature and regulatory documents on the use of Al in
education, the design of an agent architecture structured as “routing — tools — evaluation,” as well as a pedagogical experiment at
Lviv Polytechnic National University. Within the experiment, telemetry data, results of rubric-based code assessment (Correctness,
Ct# idioms, Clarity, Robustness, Efficiency), and survey responses on students’ perceptions of the agents’ work were collected. The
findings demonstrate high acceptability of the system: most students evaluated interactions with the agents as useful, the Tutor’s
explanations as clear, the Evaluator’s grading as fair, and the Coach’s recommendations as helpful for planning their learning. An
increase in the proportion of successful solutions, a reduction in task completion time, and a decrease in repeated errors were
recorded. The scientific novelty of the work lies in combining a multi-role Al architecture with rubric-based formative assessment
and coaching support integrated into a real programming course.
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JIETKAY MUKOJIA, IIEBYYK TAHHA

HauionansHuii yHiBepcuret “JIbBiBChbKa MOJITEXHIKA”

3ACOBU MIATPUMKHN HABUYAHHS ITIPOTPAMYBAHHIO 3A 1OITIOMOI'OIO
BAT'ATOPOJIBOBUX AI-ATEHTIB

Cmamms meopemuuHo 06IpyHMOBYE Ma eKCnepuMeHmaibHo nepesipse bazamoponbosy cucmemy Al-azenmie — Toromopa, Oyiniosaua
ma Koyua — Ons niompumKku HAGUAHHS NPO2PaMy6aHHio 6 3axiadax euujoi oceimu. Ilokasano, wjo enizo0uuHe BUKOPUCMAHHS 2€HePAMUBHUX
Mmooeneti cnydenmamu 6e3 nedazo2iyno2o NPOCKMYBANHs CIMEOPIOE PUSUKU NIOMIHU CAMOCMITIHOI poDomuU, nopyulents akademiunoi dobpouecto cmi
ma Henpo3opocmi oyinweanHs. Memoio 0ocriodicenHs € po3pobieHHs ma nepesipka apximekmypu 6a2amopoibo8oi azeHmHoi cucmemi 3 KEPOBAHOIO
WinbHICMIO nedazo2iuHoi niompumKu, AKa 3abesnevye iHOU8ioyanizayilo HagUaHHa npu 30epexcenti nposioHoi poai eukiadaya.

Memooonoziuny ocrosy cmanoeiame auaniz Haykogoi nimepamypu il HOPMAMUBHUX OOKYMEHMIE w000 3ACMOCYBAHHA WIMYYHO20
iHmenekmy 6 0ceimi, po3poOIeHHs I A2eHMHOI apXimeKmypu, CmpyKmyposaHoi sk «Mapupymusayis — iHCMpyMeHmu — OYiHIOBAHHAY, A MAKOHC
nedazoeiunuil excnepumenm y Hayionanvnomy ynieepcumemi «J/Ibgiscoka nonimexuikay. ¥ medxcax excnepumenmy 6yio 3i0paHo meiemempuyiHi
Oani, pesyrbmamu pyopuKosanozo oyinioeants koody (npaguivhicme, ioiomamuxa CH, 3posyminicms, naditimicme, eexmusHicmy), a maKoxtc
8i0N0GIOI anKem wooo CNPULIHAMMA CMYyOeHmamu pooomu a2eHmis.

Pesynomamu 3aceiouunu 6ucoxy nputiHamHicms cucmemu: OGIIbWICMb CHYOEHMI8 OYIHUIU 63AEMOOII0 3 A2eHMAaMU SIK KOPUCHY,
nosicnennss Tolomopa — sk 3po3ymini, sucmagnenns 6anie Oyiniosavem — sk cnpageonuge, a pexomenoayii Koyua — ax KOpUcHi Ois RAAHy8anHs
611ACHO20 HABYAHHS. 3AQIKCOBAHO 3DOCMAHHA YACMKU YCRIWHUX PO36 A3AHb, CKOPOUEHHs 4AcCy BUKOHAHHS 3A60AHb | 3MEHUIEHHs KiIbKOCMI
nosmopiosanux nomunok. Haykoea nosusna pobomu noiseae 6 noeoHaunui bazamoponvosoi AI-apximexmypu 3 pyOpuKo8aHum @opmyeansHum
OYIHIOBAHHAM | KOYUUH20B0I0 NIOMPUMKOIO, IHMEZPOBAHUMU 6 DEANbHULL KYPC 3 NPOSPAMYBAHHS.
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Problem statement of tools for supporting programming education with multi-role AI agents

The rapid development of large language models and Al agent systems is radically transforming the context
of teaching programming in higher education institutions. What only a few years ago required lengthy consultations
with an instructor or teaching assistant (explaining an error, refactoring code, selecting practice tasks) can today be done
within seconds using Al tools. On the one hand, this opens up unique opportunities for individualized learning, instant
feedback, flexible pacing, and formative assessment. On the other hand, it creates the risk of fostering an “illusion of
competence” in students, when correct code is obtained but deep understanding of algorithms and design principles is
never actually formed.

Current practice of using Al in programming education reveals several contradictions. First, there is a gap
between the widespread, spontaneous use of generative models by students and the lack, in most universities, of clearly
designed didactic models for integrating these tools into programming courses. Second, there is a tension between the
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need for personalized support for each learner (especially at the initial stages of mastering languages such as C#, Java,
or Python) and the limited time and human resources of instructors. Third, there is a discrepancy between the potential
of agent systems for automated assessment and learning analytics and the risk of undermining academic integrity if Al
is used as a “black box” without transparent criteria and proper control.

An additional dimension of the problem is defined by the legal and ethical requirements for the use of Al in
education. The European Al Act and related framework documents impose requirements on educational Al systems
regarding transparency, traceability of decisions, minimization of personal data processing, and the prevention of
manipulative practices. For universities, this means that any deployment of Al agents into the learning process must be
not only pedagogically meaningful, but also technically and legally responsible. The issue of transparent formative
assessment and documentation of the specific support a student receives from the Al system, as well as the boundary
between the student’s own work and the agents’ assistance, becomes particularly acute.

In this context, simply “adding” a chatbot to a programming course can no longer be considered either a high-
quality or a safe solution. A comprehensive, theoretically grounded and empirically validated model of a multi-role Al
agent system is needed—one that:

» operates within clearly defined pedagogical roles (tutor, evaluator, coach),

+ provides controlled pedagogical support density, without substituting the student’s own thinking,

+ relies on transparent assessment rubrics and provides instructors with interpretable learning analytics,

 aligns with the requirements of academic integrity and regulatory constraints on Al.

Thus, in general terms, the scientific problem is to design and substantiate such an architecture and pedagogical
model for the use of Al agents in programming education that simultaneously: increases the effectiveness and quality
of training future software engineering professionals; preserves and strengthens the instructor’s role as the primary actor
in designing and overseeing the learning process; and ensures transparency, reproducibility, and safety in the use of
artificial intelligence systems in contemporary higher education

Analysis of Recent Studies and Publications

The problematics of using Al agents in programming education lies at the intersection of at least three research
traditions: classical models of rational agents and multi-agent systems, intelligent tutoring systems (ITS), and
contemporary approaches to the use of large language models (LLMs) in education. In the agent theory literature, the
emphasis is placed on autonomy, goal-directedness, planning capabilities, the use of external tools, and memory
management, which makes it possible to treat an agent as a “controlled executor of actions” rather than merely a chatbot
that answers queries. It is precisely this evolution—from reactive software components to agents that combine
perception, planning, action, evaluation, and correction— that creates the methodological foundation for their
integration into programming education processes.

An important body of literature concerns intelligent tutoring systems (ITS), where numerous meta-analyses
have shown that well-designed computer tutors can provide learning outcomes comparable to one-on-one instruction
with a human teacher. This tradition underpins the idea that a digital tutor should not replace the instructor, but rather
implement a structured support scenario: explanation — practice — feedback — correction. In this work, that tradition is
reinterpreted through the introduction of a multi-role architecture (Tutor—Evaluator—Coach), in which each agent
assumes a distinct function—explanation, assessment, planning—with clearly defined input/output contracts and
effectiveness metrics. Thus, the study does not simply replicate classical ITS, but instead transfers their principles into
the context of modern LLM-based agents.

A separate group of studies is devoted directly to large language models and techniques for their use. In the
article by I. Yurchak, A. Khich, and V. Oksentiuk, an extensive review of the evolution of LLMs is presented—from
classical vector representations to transformers and multimodal models—with a focus on the Transformer architecture,
the attention mechanism, and the risks of hallucinations and bias, which necessitate explainability and ethical oversight
when integrating such models into education (Yurchak et al., 2024). In a subsequent work, the same core group of
authors systematizes prompting techniques (chain-of-thought, ReAct, RAG, etc.) and demonstrates how model
parameters and prompt-design strategies affect the reliability of outputs—an issue directly relevant for designing agent
roles that can consistently evaluate and comment on student code (Yurchak et al., 2024a).

In the context of the digitalization of education and the use of Al in educational institutions, both national and
international studies pay particular attention to the regulatory and ethical dimension (European Commission, 2024;
European Parliament & Council of the European Union, 2024; European School Education Platform, n.d.; UNESCO,
2023). The European Al Act, accompanying European Commission documents, and practical guides—including legal
and compliance commentaries by William Fry—define the framework requirements for high-risk Al systems and
emphasize transparency, traceability, minimization of personal data processing, and the prevention of manipulative
practices (European Commission, n.d.-a; European Parliament & Council of the European Union, n.d.-a, n.d.-b, 2024;
William Fry, n.d.-a, n.d.-b). In the national context, these requirements correspond to the provisions of the Law of
Ukraine “On Personal Data Protection,” Article 42 of the Law of Ukraine “On Education” on academic integrity, and
relevant glossaries issued by the Ministry of Education and Science of Ukraine (Ministry of Education and Science of
Ukraine, 2018). Thus, contemporary research underscores that the deployment of Al agents in programming education
has not only a didactic, but also a clearly articulated legal and ethical dimension, which affects system architecture, data
organization, and assessment procedures.

At the level of pedagogical sciences, Ukrainian authors analyze the impact of digitalization and global
educational trends on professional training, emphasizing the combination of innovative technologies with the principles
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of adult education, motivational support, and the preservation of the humanistic orientation of learning (Kozlovskyi et
al., 2020; Mukan et al., 2023; Shevchuk, 2022). In works related to Lviv Polytechnic National University, one can trace
the formation of an institutional ecosystem for Al research: university journals and collections publish LLM overviews,
studies on prompting, applied solutions such as sentiment-analysis systems using ChatGPT, as well as materials from
conferences and thematic issues devoted to Al in education (Dorosh et al., 2024; Mediakov et al., 2025; Tsymbaliuk &
Fedasyuk, 2024; Yurchak et al., 2024). This creates a rich local corpus of works, but most of them focus either on
technological aspects of LLMs or on general issues of ethics and governance, leaving a “blank spot” in the form of
holistic, pedagogically oriented Al-agent architectures for specific disciplines.

In summary, contemporary research (a) describes in detail the properties and architectural modules of Al agents
and LLMs, (b) demonstrates the high potential of intelligent tutoring systems and digital programming assistants, and
(c) outlines regulatory and ethical frameworks for the use of Al in education (European Commission, 2024; European
Parliament & Council of the European Union, 2024; Shevchuk, 2022; Yurchak et al., 2024, 2024a, 2024b). However,
it rarely offers complete models of multi-role Al-agent systems integrated into an actual programming course with
measurable metrics (Task Success, Time-to-Solve, Error Recurrence, profiles of pedagogical support density).

Article’s Objective

The purpose of the article is to theoretically substantiate and analyze the results of designing and piloting a
multi-role system of Al agents (Tutor—Evaluator—Coach) for teaching programming in higher education institutions, by
revealing its pedagogical, architectural, assessment parameters, as well as identifying the conditions under which such
a system enhances the quality of learning while preserving academic integrity.

Main Results

Theoretical foundations and system requirements

In this work, programming education is viewed as a guided process of interaction among three actors: the
student, the instructor, and the Al-agent system. The student acts as an active performer of learning activities, the
instructor as the designer and regulator of the educational process, and the agents as “controlled executors” that
implement local pedagogical interventions such as explanation, checking, feedback, and planning of subsequent steps.

On this basis, the key requirements for the system are formulated as follows:

— Pedagogical — support for the step-by-step development of skills (from syntax to structures and design patterns),
the possibility of formative assessment, and consideration of the individual pace and typical errors of each learner;

— Technological — the use of LLM-based agents capable of invoking external tools (compiler, tests, linters),
working with memory, and collecting telemetry;

— Ethical and legal — compliance with the principles of academic integrity, safe data processing, and
transparency regarding the role of Al in the student’s results;

— Economic — acceptable costs of model inference and integration with the university’s existing
infrastructure.

A special role is played by the concept of Pedagogical Support Density (PSD)—the relative “saturation” of
the learning process with hints, explanations, and micro-interventions from the agent. Uncontrolled increases in PSD
lead to “over-helping” and reduced learner autonomy, whereas excessively low support density leaves the student alone
with errors and frustration. Accordingly, the system must provide controlled PSD with clearly defined thresholds,
scenarios, and policies for different types of tasks.

Architecture of a multi-agent system for programming education

The architecture in Fig. 1 can be described as a simple multi-role multi-agent system with a router that operates
according to the principle “incoming message — role detection — specialized agent.”

1. Input layer (chat trigger). The “When chat message received” node is the entry point of the entire system.
Any new student message first arrives here. At this level, basic metadata are captured (user ID, timestamp, query text),
but no decision is made yet as to which agent should respond.

2. Role detection. The next block is “Detect Role.” In the screenshot, it is labeled as manual, meaning that the
role is currently determined by predefined rules (for example, based on the event type: “explain a task,” “check a
solution,” “progress inquiry”). In practice, this may be implemented either as a simple set of if-rules or as a separate
classification prompt/model that decides which type of request the message belongs to.

3. Routing by role. The following node is “Route by Role (mode: Rules).” This is the central “switch” which,
based on the output of “Detect Role,” sends the request into exactly one of three channels:

e the Tutor branch — for explanations, step-by-step guidance, and error analysis;
e the Evaluator branch — for checking and grading solutions;
e the Coach branch — for reccommendations on further learning, planning, and reflection.

At this level, the logic “one message — one active role” is enforced.

Architecturally, this is a modular multi-agent system: a single entry point and router plus three separate
specialized subgraphs, each with its own model, memory, and prompt. Thanks to this design, it is easy to add new roles
(for example, “Code Reviewer” or “Exam Generator”) without changing the basic pipeline of “receive message —
determine role — invoke the corresponding agent.”

For all three roles, unified input—output contracts are defined, which include: a description of the task, course
context, current code state, allowed PSD level, interaction history, and the expected response format (explanation, rubric
scores, action plan, etc.). This ensures reproducibility and enables the system to be scaled to other disciplines
(algorithms, data structures, web development, databases).
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Fig. 1. Architecture of a multi-agent system for programming education

These roles do not replace the instructor but complement them: the instructor retains priority in course design,
goal setting, task selection, and final decisions on achievement. The agents operate within the specified policies,

handling the “fine-grained” pedagogical work for which there is not always enough time in the classroom.

Tutor agent
In the upper branch Fig. 1, there is the Tutor Agent block, which is connected to:
OpenAl Model (Tutor) — a specialized LLM with a tutoring system prompt (focused on explanations, gentle

scaffolding, code examples, etc.);
Window Buffer Memory — a memory component that stores the most recent turns in the dialogue (a sliding

context window).
The arrows “Chat Model — Model — Memory” show that the tutor operates in a loop: it takes the current
message together with the context from memory, generates a response, and then updates that memory. Thus, the Tutor

has the richest dialogue context—which is logical, since it conducts a “live” instructional conversation.
The Tutor agent in Fig. 2 functions as a mini-instructor that guides the student through short, clearly structured

mini-modules and immediately offers practice. Everything begins with an action on the student’s side—clicking a button
such as “Teach me 1st module.” This is the signal for the agent to launch the first instructional block, in this case a
module on syntax, types, and variables in C#. The Tutor provides a brief introduction, explains what will be covered,

and offers an intuitive sequence: first syntax, then types, and then variables.
Herald of Khmelnytskyi national university, Issue 1, 2026 (361)
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E: le:
Kample Variables are used to store data that can be changed during the execution of
Teach me 1st module

a program
int age = 30;
Great! Let's dive into the first module, which covers syntax, types, and bool isAlive = true; Declaring Variables: You can declare a variable by specifying its type
variables in C#. We'll start with the basics and work up from there char Initial = 'A% followed by its name
int score; // Declaration
1' C# Syntax score = 100; // Initialization

Reference Types

Gt is a statically typed, object-oriented programming language. That means: e 1 VoL ean 66 both in one e
r you cal in ine:

» Examples include:

o e 10 s 7 . sy
You have to specify the type of variables you declare. o string (text]

= It organizes code into classes and methods. int score = 100; // Declaration and Initialization
o arrays
o classes
2. Types in C# ! .
Example:
Exercise 1

C# has two main types of variables: value types and reference types.
string name = "Alice";

N R Let's practice! Declare and initialize three different value type variables (e.g.,
int[] numbers = new int[] {1, 2, 3, 4 };

int, float, and bool) and one reference type variable (e.g., string).

Value Types Here's a starter template for you to modify:
= Store the actual data. N
3. Variables // Your code here:
= Examples include: int myInt = 2 /1 Your choice of value
o int (integer) float myFloat = B // Your choice of value
Variables are used to store data that can be changed during the execution of
o float (floating point number) bool myBool = 5 // Your choice of value
9P 4 program. string myString = " “; // Your choice of text

o bool (baolean)
Declaring Variables: You can declare a variable by specifying its type
followed by its name: Once you complete this, share it with me, and I'll help you refine it!

Fig. 2. Tutor agent — teaching the first module

o char (character)

Next, the agent presents a mini-lecture broken into logical sections with simple headings: “C# Syntax,” “Types
in C#,” “Variables.” In each section, it articulates only the key points: C# is a statically typed, object-oriented language;
there are value types and reference types; variables are used to store data and must be declared and initialized. The text
is accompanied by small but illustrative code snippets such as string name = "Alice"; or int[] numbers = new int[] { 1,
2,3,4 };. These examples serve as scaffolds: the student sees a ready-made pattern and can build their own constructions
by analogy.

After explaining the theory, the Tutor immediately moves on to practice and offers an exercise. In the illustrated
module, this is “Exercise 1,” where the student must declare and initialize three value-type variables and one reference-
type variable. The agent does not provide a ready-made solution; instead, it presents a partially filled code template with
blanks (int myInt = ;, float myFloat = ;, etc.) that the student must complete on their own. In this way,
controlled support density is implemented: the Tutor provides the form, structure, and examples, but leaves space for
independent work and choice of values.

The final step is feedback. After the exercise, the Tutor explicitly asks: once you have filled in the code, send
it to me and [ will help you refine it. This means that the agent is not limited to a one-off hint, but enters a dialogue
loop: it receives the student’s solution, analyzes it, explains the mistakes, suggests step-by-step improvements, and, if
necessary, returns to the mini-theory. As a result, the Tutor behaves not as a mere “text generator,” but as a genuine
tutor: it explains, shows a model solution, gives the student a chance to try, and then helps correct and understand what
exactly went wrong.

Evaluator agent

The middle branch Fig. 1 is the Evaluator Agent. It is connected to: OpenAl Model (Evaluator) — a model with
a system prompt tailored for rubric-based assessment, score generation, and “Next Steps.”

There is no separate memory block in the diagram, which aligns well with the Evaluator’s role: it works with
individual artefacts (code, problem statement, tests) and must assess them “here and now” according to standardized
criteria, rather than conduct a long dialogue. The context for it is usually formed by the upstream logic (task description,
latest version of the code, previous scores). o

C# ldioms (2/3): a
Efficiency (2/3):

Evaluate: int mylnt = 45; float myFloat = 24.4; bool myBool = yes; string

myString = "helloo”;
* Rationale: The variable names are clear and appropriately typed.

However, consider using preferable naming conventions, like * Rationale: The declarations are efficient for their current scope and
Thank you for submitting your code! Let's evaluate your solution based on myString, for proper string representation, i.e., "hello” instead of intentions.
the provided rubric "helloo".
+ Recommendation: Consider how you could refactor or encapsulate
= Recommendation: Aim for standard spelling and remove typographical variables in functions if you expand this script.
errors to improve clarity.
Your Code o
Clarity (2/3): o
Total Score: 8/15
int myInt = 45; = Rationale: The variables are struciured well, and the intent is clear.
float myFloat = 24.4; However, comments or descriptions could enhance comprehension for
bool myBeol = yes; // Nete this line others reading the code, though it isn't strictly necessary in this simple Summary
string myString = "helloo"; case
. Optional ing what each variable You've done well In structure and choosing appropriate types, but note the
represents could guide understanding. syntax for the boolean declaration and minor typos. The next steps for
. improvement include:
Evaluation Robustness (1/3):
1. Correct the boolean value syntax: replace yes with either true or
Correctness (1/3): = Rationale: The code does not handle potentizl null or edge cases (e, If false.
a variable is not properly initialized). Additionally, it will not compile due
O e CoeTs 2. Consider refining the string name or content to eliminate typos.

- Rationale: The code mostly compiles, but the line bool myBool =

TR OO R EoNr] §70) CT D (D 65 e 3. Think about adding comments for clarity when your code gets more

complicated

Recommendation: Always validate your inputs or handle exceptions

especially in larger applications.
« Recommendation: Ensure boolean values are properly written to avold

compilation errors Efficiency (2/3): Overall, you're off to a good start! Feel free to make the revisions, and let me
know if you have any questions or need further guidance!

C# ldiems (2/3):
= Rationale: The declarations are efficient for their current scope and v

Fig. 3. Evaluator agent — providing feedback on the answer

As shown in Fig. 3, the Evaluator agent behaves like a formative “examiner with commentary,” who not only
assigns a score but breaks down the quality of the solution into several dimensions and explains each decision. When a
student submits their code, the Evaluator runs it through a predefined rubric: for each criterion (Correctness, C# Idioms,
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Clarity, Robustness, Efficiency) it assigns a score on a 0—3 scale. In the screenshot, part of this rubric is visible: C#
Idioms (2/3), Clarity (2/3), Robustness (1/3), Efficiency (2/3). Each item is presented as a heading with the
corresponding score, so the student immediately sees where their strengths are and where there are weaknesses.

For each criterion, the Evaluator splits the response into two parts: Rationale and Recommendation. In the
Rationale block it explains why this particular score was given, referring to specific parts of the code (for example,
“variable names are clear,” “there is a syntax error in the boolean value,” “there is no handling of edge cases”). This
provides transparent reasoning—the student sees the logic behind the assessment rather than just a number. The
Recommendation block then offers concrete advice on what exactly should be changed: fix spelling, add comments,
handle null, use the correct syntax for bool, consider refactoring, and so on. Thus, each criterion simultaneously explains
the past result and sets a direction for improvement.

After going through all the criteria, the agent aggregates them into a Total Score, for example 8/15, so that the
student has an integral indicator of the overall quality of their solution. However, the Evaluator does not stop there:
below, it generates a Summary—a coherent textual overview. It briefly describes the general strengths (“the structure is
good, the types are chosen appropriately”) and highlights the key Next steps in the form of a numbered list: what to fix
first (boolean syntax), what to refine (string, minor errors), and what to think about in the longer term (comments, code
cleanliness). The response ends with an encouraging message in a friendly tone—the agent emphasizes that this is “a
good start,” invites the student to make corrections, and to reach out for additional help.

From the student’s point of view, the Evaluator works as follows: you submit your code — you receive detailed
scores by criterion — under each criterion you read why the score is what it is and what to fix — you see the overall
score — you read a short, human-readable summary and a clear list of next steps. This combines formal assessment
with educational feedback: the agent acts simultaneously as an “assessor” and a “diagnostician,” helping the student
understand exactly where their code is falling short and how to move forward.

Coach agent

The bottom branch Fig. 1 is the Coach Agent with a connected OpenAl Model (Coach). This model uses a
dedicated coaching-style system prompt: it analyzes the history of attempts, typical mistakes, and the student’s
responses, and then generates recommendations for next steps (which topics to review, which types of tasks to practice,
how to organize self-study). In Fig. 1, the arrows “Chat Model — Model” indicate that the Coach receives a composed
request (often already with aggregated metrics) and returns a “long plan-like response” rather than a step-by-step
explanation or a rubric.

9 <

Next Steps N ’ -

Coach what can improved in my answer 2. Practice More with Variables:

Based on the feedback and your current skill level, here are some

. o Try creating a few more variables of different types and performing
recommendations for your learning path:

operations on them (e.g., arithmetic with integers or concatenation
with strings),

You're making good progress, and your recent sut
insights into your understanding! Let's break down s

ission provided valuzble
e specific

Improvements based on the feedback received and the areas where you can
enhance your skills:

Strengths

* Understanding Variable Types: You demonstrated a grasp of different
variable types (int, float, bool, string)

« Clear Structure: Your code was structured logically, which is essential
for readability.

Areas for Improvement

1. Syntax Accuracy:
o The boolean value needs to be correctly represented. Replace yes
with a valid boolean literal ( true or false)

2. Spelling and Naming:
o Attention to detail is key. Make sure to avoid typos, such as in the
string "helloo” ; consider correcting itto "hello" for clarity and
professionalism.

3. Commenting:

o Although not strictly necessary for simple code, adding comments

can improve clarity as you tackle more complex examples. It helps
others [and yourself!) understand your thought process

1. Revise Your Code:

o Make the changes suggested in your feedback. Correct the boolean

syntax and address any typos.
2. Practice More with Variables:

o Try creating a few more variables of different types and performing
operations on them (e.g., arithmetic with integers or concatenation
with strings)

3. Exploration of Control Flow:
@ Once you feel confident with variables and types, consider exploring

control flow constructs like if/else statements or loops. This will
help you write more complex code.

4. small Exercises:
o Create a small program that takes user input, perfarms some

operations with various types, and outputs the results. This will
combine your understanding of variables and control flow.

5. Regular Review:

o Take time to review what you've learned regularly, as consistent
practice reinforces your knowledge and builds your confidence.

3. Exploration of Control Flow:

o Once you feel confident with variables and types, consider exploring
control flow constructs like if/else statements or loops. This will
help you write more complex code

4. Small Exercises:
o Create a small program that takes user input, performs some

operations with various types, and outputs the results. This will
combine your understanding of variables and control flow.

5. Regular Review:

o Take time to review what you've learned regularly, as consistent
practice reinforces your knowledge and builds your confidence

Motivation

Remember, every small step you take is an achievement. Embrace the
learning process, and don't hesitate to ask if you have guestions or need
additional clarification on any topic. You're building a strong foundation, and
I'm excited to see your growth as you continue ta practice!

Keep up the great work, and | look forward to helping you tackle the next
challenges!

Fig. 4. Coach agent — giving improvement suggestions based on the evaluation

4

As shown in Fig. 4, the Coach agent acts as a personal mentor who does not check code in detail (that is the

Evaluator’s role), but transforms raw feedback and mistakes into a clear development plan and motivation. Its work
begins when the student presses a button like “Coach what can be improved in my answer.” This is a signal: “I have
already received a technical evaluation; now help me understand what to do with it.”

First, the Coach interprets the results of the latest task and the Evaluator’s feedback and forms a Strengths
block. It highlights what already works well, in terms of skills rather than just scores—for example, “understanding of
variable types (int, float, bool, string)” or “clear code structure.” In other words, the Coach immediately brings the
student’s strengths into focus so that they see not only mistakes but also progress—this reflects the classical “resources
first, problems second” approach.

Next comes the Areas for Improvement block, which is not merely a technical list of bugs, but a translation
of errors into concrete skills to be developed. The Coach groups them by meaning: separately Syntax Accuracy (correct
representation of boolean values, true/false instead of yes), separately Spelling and Naming (attention to typos and
variable names, hello instead of helloo), separately Commenting (when and why comments should be added). As a
result, the student sees not a chaotic list of remarks but 2—3 clear directions for work: syntax, accuracy, and code

222

Herald of Khmelnytskyi national university, Issue 1, 2026 (361)



TexHiuHI Hayku ISSN 2307-5732

communication.

After that, the Coach moves on to the most important block for learning—Next Steps. Here it speaks in terms
of actions rather than abstract advice. For example:

e first, “Revise Your Code” — go back to your solution and fix the specific points highlighted by the Evaluator;

e then, “Practice More with Variables” — come up with a few more variables of different types and practice
operations on them;

e next, “Exploration of Control Flow” — the logical next step in the course: once you are confident with
variables, move on to if/else and loops;

e  “Small Exercises” — write a small program with user input, operations, and output of results;

e  “Regular Review” — periodically revisit what you have learned so as not to lose proficiency.

In essence, the Coach turns pointwise feedback into a mini learning roadmap tailored to this particular student:
what to fix now in the specific code, what to practice in upcoming exercises, and what the next “step up” in complexity
should be. This is no longer just a set of comments, but an individualized learning plan for several steps ahead.

The response ends with a Motivation block. The Coach reminds the student that every small step is an
achievement, emphasizes that they are building “a solid foundation,” and says things like “I’m glad to see your
progress.” The tone is supportive, non-judgmental, with a focus on growth and the opportunity to ask further questions.
In this way, the Coach monitors not only the technical trajectory but also the emotional state and motivation: it helps
the student avoid “breaking down” over minor mistakes and instead treat them as a normal part of learning.

In summary, the Coach agent functions as a layer on top of the Evaluator: it takes the technical feedback and
transforms it into an understandable combination of strengths + growth areas + concrete next steps + motivational
reinforcement, thereby helping the student see their long-term learning trajectory rather than just a single assigned score.

Research Methods and Organization of the Experiment

The results of the experimental piloting of the multi-role system of Al agents Tutor—Evaluator—Coach in
programming courses were obtained on a sample of students of Lviv Polytechnic National University. The pilot involved
mainly young participants: 47.3% were aged 16-24, 30.4% were 25-34, and 17% were 35-44, with only a small
proportion from older age bands. By gender, 57.7% of respondents identified as female and 42.3% as male. A majority
already use Al tools on a daily basis (54.5%), and another 27.7% use them at least weekly; only about 10% either do
not use Al at all or use it less than once per quarter. Prior to the pilot, 74.1% of students said they would like to use Al
agents in their studies, and after trying the system, 87.5% stated they would like to keep using it—showing that practical
experience led to higher acceptance. Surveys and system telemetry made it possible to evaluate both students’ subjective
satisfaction and objective indicators of learning progress. A combined analysis of these data made it possible to conclude
that the tool is highly acceptable and that the proposed “routing — tools — evaluation” architecture has confirmed
didactic value.
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112 responses
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111 responses

@ o 16 pokis

@ Xinka
® 16-24 @ “Yonosik
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@ 3544
@ 45-54
® 5564
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Yu XOTinK 6 BU BUKOPUCTOBYBATH Al-areHTis y HaBuanbHoMy npoueci?
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@ 1-3 paan Ha micsAub

@ He sukopucTosyio

Fig. 5. Age and gender distribution of respondents, their frequency of Al-tool use, and their initial and post-pilot willingness to use Al
agents in learning

The overall usefulness of interaction with the system was rated by respondents at an average of 3.90 out of 5.
The distribution of responses shows that only 1.8% of students gave a score of “1” and 3.6% a “2”, whereas almost a
quarter (24.1%) chose “3”, 43.8% “4”, and 26.8% “5”. Thus, 70.6% of respondents classified the system as “rather
useful” or “very useful,” which indicates a positive effect from the introduction of Al agents into the learning process,
while at the same time leaving room to increase the proportion of maximum scores through further enrichment of
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interaction scenarios and task variety.

A separate block of questions concerned the work of the tutor agent. Students highly rated the clarity of its
explanations of theory and tasks: the aggregate indicator was 4.22/5, with more than 88% of respondents giving scores
of “4” or “5”. This result is interpreted as confirming a successful balance between brief theoretical explanation,
demonstration of an example, and the offering of a micro-exercise, which allows the student to immediately consolidate
a new concept in code. In practical terms, this means that the tutoring role of the Al agent is not reduced to providing a
“ready-made answer,” but implements a sequence of “explanation — action — discussion of errors,” which students
perceive as a clear and supportive learning format.

HacKinbKi 3posyMiniM 6yN10 MOACHEHHA 3aBAAHHA | MaTepiany BiA areHTa-ThioTopa (1 — 308CIM

He 3po3yMino, 2 - CKopille He 3po3yMino, 3 - HelTp..., 4 - cKopilue 3pe3yMino, 5 = NoBHICTIO 3po3yMino)
112 responses.

Hackinbkn kopucHoto 6yna BsaemMofia ia cuctemoio? (1 - 30BCIM He KOPHUCHO , 5 — Ay»e KOPUCHO)
112 responses
[
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Fig. 6. Students’ assessment of the system concept

01(0%) 2(1.8%)

Another key component of the experiment was the evaluation of how students perceived the work of the
Evaluator agent when assessing completed tasks. The aggregate rating of fairness and clarity of assessment provided by
the Evaluator was 4.29/5; at the same time, 87.4% of students chose scores of “4” or “5”. This level of trust demonstrates
that the proposed rubric with five bands (Correctness, C# Idioms, Clarity, Robustness, Efficiency) and a 0—15-point
scale aligns well with learners’ expectations: they understand exactly what they are receiving a given score for and
perceive the feedback as constructive. In addition, aggregating results by bands made it possible to construct both
individual profiles of each student’s gaps and group “heat maps” of typical errors, which confirms the methodological
value of formative assessment.

An important part of the study was the evaluation of the Coach agent, which transforms assessment results into
personalized recommendations and micro-plans for further actions. According to the survey, the Coach’s advice was
deemed useful and clear by 91.9% of respondents, who rated it at 4—5 points on a five-point scale. This indicates that
students not only receive a formal score, but also view coaching hints as a real tool for planning their own educational
trajectory—from clarifying theoretical gaps to suggestions for additional mini-tasks or code refactoring. The high rating
of'this role also indirectly confirms that the “Summary + Next Steps” format is intuitively understandable and motivating
for learners.

The consolidated acceptability indicators of the system demonstrate that most students are willing to integrate
multi-role Al agents into their everyday work. In particular, 87.5% of respondents stated that they would continue using
such a system, and more than half (54.5%) noted that they were already interacting with the agents daily during the
pilot. This means that Al support is perceived not as a one-off experimental tool, but as an organic part of the learning
environment, capable of reducing routine while simultaneously increasing students’ independence.

Taken together, the results provide grounds to claim that the multi-role system of Al agents ensures not only
high acceptability among learners, but also a real strengthening of the programming learning process. The strong points
proved to be the Tutor’s clear explanations, the Evaluator’s transparent and fair rubric-based assessment, and the
Coach’s motivating, practice-oriented recommendations. A key area for further improvement is increasing the share of
maximum scores for overall system usefulness, in particular by expanding the bank of micro-exercises, enhancing the
variability of tasks for different levels of preparation, and further fine-tuning PSD policies, which mitigate the risk of
over-helping while preserving the feeling of support. Overall, these results confirm the feasibility of scaling the solution
to a larger number of courses and academic groups, provided that the established methodological and ethical frameworks
are observed.

Conclusions and future developments

In this study, a multi-role system of Al agents—Tutor, Evaluator, and Coach—for supporting programming
education in a higher education institution is theoretically substantiated and validated in a real educational environment.
It is shown that the transition from ad hoc use of isolated chatbots to a coherent architecture with a router, unified input—
output contracts, and controlled pedagogical support density makes it possible to combine individualized learning with
the requirements of academic integrity and transparent assessment. The agents perform complementary roles: the Tutor
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provides explanations and scaffolding, the Evaluator delivers rubric-based formative assessment with interpretable
feedback, and the Coach builds personalized learning trajectories and offers motivational support to the student.

An experiment conducted on a sample of 112 students of Lviv Polytechnic National University confirmed the
high acceptability of the developed system and its positive impact on the learning process. Most respondents rated
interaction with the system as useful or very useful; the Tutor agent’s explanations as clear; the Evaluator agent’s
grading as fair and transparent; and the Coach agent’s advice as helpful for planning further learning. The obtained
subjective ratings correlate with objective metrics: the proportion of successfully solved tasks increased, the time needed
to solve typical tasks decreased, repeated errors became less frequent, and code quality indicators improved. This
confirms that multi-role Al agents can perform not only a service function but also a genuinely didactic one—supporting
the development of algorithmic thinking, programming style, and reflection on one’s own mistakes.

At the same time, the results of the study revealed a number of challenges. Some students tend to rely
excessively on hints, which requires careful tuning of PSD policies, expanding the block of “Al-free” tasks, and more
clearly informing learners about the boundaries of acceptable Al assistance. Further work is also needed on issues of
economic optimization (combining models of different classes, integrating with the university’s existing infrastructure)
and ethical support (transparency of agents’ involvement in the achieved results, documenting the extent of support
received).

Prospects for further research include studying the system’s impact on learning outcomes over several
semesters, comparing alternative role configurations and PSD strategies, and extending the proposed architecture to
other software engineering disciplines (data structures, databases, web development, software testing). Another
important direction is the development of tools for instructors that, based on telemetry and analytics, would allow
flexible modification of agent scenarios for specific student groups and educational programs. Overall, the results of the
article provide grounds to argue that, under sound pedagogical, architectural, and organizational design, multi-role Al
agent systems can become a factor in systematically improving the quality of programming education in higher
education—enhancing rather than replacing the professional role of the instructor.
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