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Abstract
In developing an advanced system for mathematics education, a technology-
driven multi-agent environment is proposed as the core foundation. This
environment comprises interconnected agents based on large language models
(LLMs), collaboratively delivering educational mathematics services and
supporting teaching staff. At the heart of this complex hierarchy is a central
coordination agent, serving as a digital twin of an educational institution's
administrative body. Designated the Al-administrator, it orchestrates various
instructional planning and execution activities across all agents, reflecting
an innovative rethinking of traditional academic roles tailored specifically to
contemporary mathematics education. Within this framework, digital twins
of teaching staff perform distinct roles, employing artificial intelligence to
replicate institutional responsibilities. An Al-methodologist agent formulates
guidelines and regulations for mathematics curricula, offering prompt responses
to inquiries from instructors and students regarding academic matters.
Complementing this is the 24/7 Al-curator, a distributed set of personal Al-
assistants assigned individually to students. Another critical component is the
Al-tutor, which continuously assesses students' mathematical understanding,
identifies difficulties in real-time, and suggests personalized interventions
to enhance comprehension. Inspired by specialized GPT-based tools like
OpenAl's Math Solver, the proposed Al-tutor significantly extends existing
capabilities by adapting content dynamically to students' cognitive abilities
and available time. The Al-examiner contributes by creating tests, evaluating

assignments, and generating detailed analytics. Meanwhile, the Al-lecturer
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delivers interactive educational content, adapting pacing and engagement
to student capacities, and fostering discussions to enhance critical thinking.
The agent ensemble is completed by the Al-technician and Al-psychologist.
Through the implementation of the proposed concept, mathematics education
becomes personalized and ascends to a new level of effectiveness, aligning

with the principles and objectives of Education 5.0.

Keywords: Artificial Intelligence, Large Language Models (LLMs), Machine
Learning, STEM

INTRODUCTION J

Mathematics education is undergoing rapid transformation under the influence of
modern digital technologies, particularly due to advances in artificial intelligence
(Al). The traditional linear model of knowledge transmission is being replaced by an
interactive, multi-level support system, in which the learner—ranging from school
student to doctoral candidate—interacts with a suite of intelligent agents that assist
in analyzing, understanding, revisiting, and creatively reinterpreting the material. In
this context, a multi-agent system does not merely serve as an automation tool, but
functions as an adaptive learning environment tailored to individual educational
trajectories, learning pace, and level of mathematical maturity.

Numerous studies in recent years (e.g., [1-9]) confirm the effectiveness of
educational Al systems, particularly in fostering critical thinking, supporting
differentiated instruction, and developing self-directed learning skills. For example,
article [6] provides a systematic review of research on the application of artificial
intelligence in K-12 education over the period 2017-2022. The authors analyze
publication trends, research topics, Al methods, technological applications, and the

use of Al by students and teachers in the K-12 educational environment.

A review of current literature indicates that the most promising approach is the
multi-agent architecture [10], in which agents possess different specializations. In
combination with large language models (LLMs) [11 — 21] and RAG approaches
[22, 23], such systems can offer a flexible balance of external support and internal

learning autonomy:.

This section considers how a multi-agent system can adapt to the needs of a learner
(or student) at various stages of the educational vertical - from the school algebra
course to specialized research in mathematical analysis, discrete mathematics, or

topology. Particular attention is paid to the challenge of balancing the consumption
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of educational services with independent knowledge acquisition in the new context
of broad Al-tool accessibility.

Specific features of the multi-agent approach for implementing a next-
generation mathematics education system.

In designing an advanced system of mathematics education using Al technologies, it
is proposed to base the development on the creation of a multi-agent environment
in which a network of interconnected agents, built on LLMs or their simplified
versions (SLMs), interact in a coordinated manner to provide mathematics education

services and support the relevant teaching staff.

It is well known that the term “agent” came into common use among reinforcement
learning (RL) researchers in the late 1980s [24, 25]. In these works, an agent was
defined as an autonomous program that learns, through trial and error, to select
optimal actions that maximize its received reward. The modern interpretation expands
this definition to include language models, which operate and interact with other
agents according to user instructions as part of the agent-based approach.

At the institutional level, the key agent in such a complex system hierarchy must
be a coordination agent, orchestrating the functioning of all language models at
various stages of instructional planning and implementation. In essence, it represents
a digital twin - an analogue of the aggregate functions assigned to the administration
of an educational institution as the supplier of educational services. Accordingly, this
coordination agent may be termed the administrator agent. Its coordinating role in
the educational process is complemented by tasks such as identifying redundancy
in the functions of other agents, ensuring continuous monitoring of cyber security
within the multi-agent environment, and blocking attempts at reprogramming or
hacking agents.

Even this example illustrates that, in addition to replicating the functions
of traditional teaching and administrative staff, it makes sense in a multi-agent
environment to redistribute certain functions, rethinking conventional academic
roles in line with the needs of contemporary mathematics education and the specifics
of artificial intelligence technologies.

Building on this approach, let us consider the principal functions of the proposed
set of digital twins of the teaching staff, which, to some extent, reproduce the
institutional duties of various educational personnel based on the capabilities of
language models. It should be noted that the agent names given below are largely
provisional and may change, as can their functional portfolios.
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For instance, the typical task of a methodologist agent is the development of
methodological recommendations, guidelines, and internal regulations for mathematics
education programs. This agent is expected to provide timely, around-the-clock advice
to teachers and students on academic and administrative procedures, clarifying

standards for instructional workload and reporting.

This is complemented by a 24/7 curator agent for student groups, which represents
a distributed set of personal assistant agents for students. These assistants help
to shape educational trajectories, clarify mathematical rules, and offer interactive
exercises, adapting them to individual levels of mathematical knowledge and personal

preferences.

'The implementation of a mathematics curator agent involves a multi-stage process
of constructing an interactive intelligent agent, focused on individualized support for
mastering mathematical material. The main stages of this process, ordered according
to the logic of agent creation, integration, and adaptation to the educational context,

are considered below.

The initial stage involves preparing the knowledge base by aggregating educational
content relevant to the school or university mathematics curriculum. All available
sources are divided into structured (textbooks, methodological manuals, lecture notes,
official curricula) and unstructured (video lectures, webinars, presentations, forum
discussions) materials. It is essential to systematically organize and convert these materials
into a standardized format suitable for LLM processing—for example, in the form
of fragments with metadata specifying topic, difficulty level, language, and so on.

The constructed knowledge base is then used to form a RAG (Retrieval-
Augmented Generation) repository [22, 23]. The RAG architecture enables
the combination of a vector knowledge base (retriever), built on pre-processed
educational materials, with an LLM, thus ensuring contextual answer generation
based on retrieved fragments. Optimization of the RAG subsystem involves
configuring vectorization (e.g., using Sentence Transformers), ranking search
results, and filtering out noisy data.

In the subsequent process of training the curator agent, it is critically important
to evaluate the quality of its answers to both typical and complex queries from the
mathematics curriculum. For this purpose, a set of reference questions with validation
answers is created and used for testing. Upon identifying errors or inaccuracies, it
is necessary to make adjustments either to the generation parameters (temperature,
top-k, top-p) or to the content of the vector database (reformatting fragments,

adding clarifications, contextualization).
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The curator agent should be implemented as part of larger educational platforms,
which include LMS (Learning Management Systems), mobile applications, chatbots,
or digital avatars. It is crucial to ensure asynchronous query processing - i.e., enabling
students to submit questions to which the system may respond with a certain delay
while performing complex generation or making clarifying requests to external
sources. In particular, integration with an agent responsible for educational process
planning is advisable, so that the curator agent’s response takes into account the

student’s previous query history.

The tone of the curator agent’s responses, as with other dialog agents, must
correspond to the educational context: it should be friendly, precise, not overly
indulgent, but encouraging. These requirements characterize a specific type of
stylization (Tone of Voice, ToV) - a set of linguistic and rhetorical features that
define how the message content is expressed. In other words, ToV is the style,
intonation, and emotional coloring of the response, reflecting the intended audience,
communication goals, and context.

In scientific communication, ToV is regulated by strict norms: terminological
precision, logical consistency, impersonality, and the absence of emotionally charged
words. In other contexts (e.g., marketing, journalism, dialog systems), ToV may
be: formal (official, businesslike, protocol-driven); neutral (objectively informative,
unemotional); friendly (informal, contact-oriented); ironic (with a degree of humor
or sarcasm); motivational (intended to prompt action); or scientific (reasoned,
structured, adhering to academic standards). Thus, ToV is the mood with which
the text is delivered. It does not change the meaning but strongly influences the
perception and credibility of the content.

In the event of a student’s mistake, the response style should be correct and
constructive, suggesting steps for correction. Dynamic ToV adjustment is possible
depending on the category of the inquirer (primary school student, university
student, instructor, parent).

Ideally, the curator agent should support a dialogic model of interaction rather
than limit itself to one-time responses. This means that after each answer, the system
generates clarifications, offers comprehension checks, asks guiding questions, or
suggests visualizations. For example, if a student inquires about an integral, after
providing an explanation, the system may offer a problem for independent solution
or ask whether a geometric interpretation - possibly including a visualization, -

should be explained.
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Collectively, these components create a functional, adaptive agent system capable
of personalizing mathematics education by integrating the strengths of LLMs, RAG,
didactic dialog models, and modern pedagogy.

Another critically important component is the tutor agent. It continuously analyzes
mathematical abilities and assesses students” level of mathematical proficiency in
real time, identifies current problems and difficulties with specific learning topics,
provides feedback, and offers targeted personalized measures to improve mastery and
understanding of the material. As a prototype for such an agent, one may consider
the specialized educational functionality already implemented by OpenAl based
on the service for creating custom versions of GPT-4-based chatbots. An example
of a corresponding mathematics tutor is the GPTs “Math Solver.” Of course, in
the proposed approach, the functionality of such GPT-4s should be significantly
expanded by dynamically adapting educational content to the quality of knowledge
acquisition and by accounting for the cognitive abilities and time resources of
individual students.

Another essential agent is the examiner agent. As the name suggests, its function
is to create a system of test tasks that enable assessment of student achievement,
verification of written work, and oral answers to tests. Essentially, the examiner
agent can be regarded as a functionally limited version of the tutor agent, more
specifically focused on the formalized assessment of knowledge level. This agent is
also responsible for generating and summarizing analytics to inform the instructor

in accordance with established assessment indicators.

The lecturer agent delivers educational content by conducting interactive
lectures, adapting the pace of new material presentation to the abilities of
education service consumers. In the future, this agent will be able to engage in
dialogue with students and conduct discussions that stimulate critical thinking
and cognitive skills. The previously mentioned response stylization, or ToV,
plays an important role in this process. To create a voice-enabled version of any
agent capable of responding promptly in real time, it is necessary to consider
the features of the entire speech processing pipeline: STT (Speech-to-Text)
— GPT (Language Model Inference) = TTS (Text-to-Speech). The primary
challenge in this regard is the speed and quality of voice interaction. The total
response delay is the sum of the latencies from STT, text generation by the
language model (e.g., GPT), and TTS. In typical implementations, this delay
reaches 2 — 3 seconds, which is unacceptable for real-time dialogue. The goal
is to reduce it to 500 — 800 ms.
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Among the key approaches to solving this problem, first and foremost is the
use of low-latency models such as Whisper.cpp or Deepgram with real-time
streaming mode. Employing chunk-based streaming (in particular, with a chunk
length of 200 — 300 ms) makes it possible to obtain partial transcription results
before the phrase is finished. Integration of voice activation triggers (VAD, Voice
Activity Detection) is also possible for immediate processing initiation.

Moreover, optimization at the LLM level may include: the use of quantized
versions (INT4, GGUF); generation with a restricted max_new_tokens parameter;
pre-contextual caching; switching to lightweight models (for example, phi-3.5-
mini, Gemma-2B) or distillation versions; and the use of early-exit strategies for
short queries.

To accelerate TTS, models such as Coqui TTS or Silero TTS are
recommended, as they support fast inference. It is important to reduce audio
fragment generation latency by employing audio pipelines (streamed audio
generation), where the player starts as soon as the first segment (e.g., the
initial 500 ms) is generated.

To reduce perceived latency, it is advisable to use short filler phrases such
as “Interesting question...”, “One moment, calculating...”, which buy time for
generating the full response. These are voiced immediately after the end of a user’s
spoken phrase is detected. Before starting the dialogue, the system checks for the
presence of a microphone signal, noise level, and channel activity. If no voice is
detected, it issues a prompt or diagnostic message (“I cannot hear you. Please
check your microphone.”). This phrase can sometimes also be used as a filler, but

only rarely so as not to create an impression of poor service.

In the case of particularly heavy computations or when connecting to an external
RAG system, each response begins with a template phrase serving as a time buffer.
This creates the illusion of continuous dialogue, even if generation takes several

seconds.

Itis very important for the API interface to support streaming real-time transfer
of both textual and audio data. In particular, it is recommended to use a WebSocket
API with duplex communication for STT and TTS, with buffered support for
partial results (partial transcription/streamed TTS).

To increase engagement in dialogue, T'TS should employ emotional modulation
(voice, intonation, pauses). Commercial voices (Microsoft Azure Neural Voices,

ElevenLabs) or fine-tuned open-voice profiles can be integrated. As previously
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noted, it is important to support intonational variability depending on the topic

(for example, surprise, encouragement, neutral analysis).

To minimize costs, it is preferable to run all components (STT, GPT, TTS)
locally on an edge device (for example, Jetson Orin or Raspberry Pi 5 with NPU).
This reduces API expenses while maintaining acceptable quality with partial cloud
updates (e.g., only online queries to GPT). Alternatively, serverless architectures
can be used for highly demanded components.

Thus, a high-speed voice Al agent for mathematics is implemented as an adaptive,
asynchronous, multi-component system with modular optimization of each of the
three key stages: recognition, text generation, and voicing (see Fig. 1), oriented

towards smooth dialogic interaction and effective learning.

o Text o
LLM 9 LLM
S2T T2S

Fig. 1 Sequence of operational stages for a voice Al agent.

The ensemble of agents is completed by the technician agent and the psychologist
agent. The former is responsible for overcoming technical and organizational issues,
implementing automatic registration of students for courses, lectures, practical
classes, and examinations. It must configure virtual classrooms and monitor
the availability of educational resources. To support student motivation and
psychological well-being;, it is also necessary to include a psychologist agent [26]
in the system. Like a human psychologist, this agent will monitor emotional states
and, if needed, select appropriate psychological practices to create a comfortable

learning environment.

Access to all the agents described above can be provided in a decentralized manner,
allowing users to independently choose the specific agent that best matches their
interests. At the same time, the administrator agent’s functionality should include
the capability to route queries and select the most relevant agent for the user’s
request. The administrator agent is therefore tasked with classifying and categorizing
queries to ensure clear correspondence with the capabilities of each agent. In the
instructions for the other agents, a rule must be established for redirecting queries
to the administrator agent if a request is classified as outside the competence of
that specific agent.
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Overall, the implementation of the proposed concept enables mathematics
education to become personalized and transition to a new level of effectiveness in

accordance with the requirements of Education 4.0.

In this context, the experience of the University of Artificial Intelligence
(https://neural-university.ru) deserves particular attention. This institution has
carried out a large-scale transformation of its educational process, integrating
its own concept of neural employees. During the project’s implementation,
the university platform successfully deployed a neural employee system that
demonstrates a high level of effectiveness. According to testing data, the quality
of the neurocurator’s responses reached 4.9 out of 5, and 81% of homework
assignments are now checked using neuroverification. The introduction of the
neurolecturer significantly reduced the time teachers spend preparing and delivering
lectures, as well as increasing student engagement through interactive capabilities

and personalized material delivery.

It should be noted, however, that the multi-agent infrastructure is not exhausted
by the ensemble of Al agents alone. A critically important component of the
architecture is unified API interfaces and inter-agent communication protocols,
which ensure agent-to-agent and agent-to-external service interaction. In [10],
the author highlighted the need to develop new information exchange protocols
for agents, which was subsequently realized in the A2A, MCP, ACP, and other
protocols [27-31] developed after [10]. In reality, the new protocols [27-31] have
only partially implemented the ideas proposed in [10]. In particular, the issue of
real-time high-resolution video stream exchange between agents remains unresolved.
Thus, further development and eventual standardization of those approaches most
relevant to practical needs is to be expected.

Hierarchical Multi-Agent System for Higher Mathematics Education

The multi-agent system for mathematics education described above represents an
example of a relatively simple set of linearly interacting intelligent agents, each
specializing in separate aspects of the educational process and implemented on
the basis of an LLM, whose functionality is constrained by instructions.

A more advanced implementation of the multi-agent approach consists in applying
a modular architecture for each of the described agents, with a complex hierarchy
of their functions (see Fig. 2).
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Fig. 2 Modular concept of agent hierarchy in a multi-agent system

This concept allows each branch of mathematics to be represented within the
hierarchical multi-agent system by specialized subject agents, each with its own
knowledge base, problem-solving algorithms, and explanatory techniques adapted
to the user’s cognitive style. For example, the algebra agent provides support in
studying linear algebra, matrix theory, systems of linear equations, and vector
spaces; it interacts with the visualizer agent to generate graphical interpretations
of linear transformations and geometric objects. The mathematical analysis agent
is responsible for differential and integral calculus, series, limits, and functional
analysis; in close cooperation with the tester agent, it generates individualized
exercises of increasing complexity and assesses understanding of concepts such
as limits, derivatives, and integrals. The analytic geometry agent works with
three-dimensional models of surfaces and curves, generates appropriate tasks
for interactive simulations, and coordinates with the augmented reality agent,
which projects geometric objects into virtual space for real-time manipulation.
The differential equations agent specializes in analytical and numerical methods
for solving equations and supports interaction with the simulation agent,
enabling experiments with models of physical processes described by differential
equations. A dedicated probability and statistics agent implements stochastic
models, distributions, statistical estimation, and interacts with the hypothesis
validation agent, allowing the application of educational material to real-world

data analysis. Finally, the complex function theory agent is integrated with the
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animation agent for dynamic demonstration of conformal mappings and Laurent

transformations, among other concepts.

To select a specific data processing pathway, a router agent (see Fig. 2) is employed,
which determines the relevant branch for a given task and ensures interdisciplinary
interaction. It creates learning trajectories by combining concepts from different
branches in accordance with educational goals, such as modeling physical or economic
problems. In cases where problem-solving requires interdisciplinary competence (for
example, finding the optimum of a function under constraints described by differential
equations), a collective session is activated, in which agents for mathematical analysis,
optimization theory, and linear algebra work simultaneously. Such interaction not only
supports students in solving problems, but also models real scenarios of collaboration
in the scientific community, where decomposing complex problems into modules

allows effective combination of knowledge and algorithmic approaches.

In addition to subject specialization, the modular architecture must also include
agents responsible for various functional domains and stages of interaction with
students.

MULTI-AGENT SYSTEM FOR LEARNING HIGHER

MATHEMATICS

r ™\

' B
DIALOGUEAGENT EXPERT AGENT

_Suppcr.ting live Generating and
interaction anqd verifying solutionsto
L answering questions ) complex problems )

F 3

(VISUALIZATION AGENT\ i i PROGRESS |
Creating graphs, PROTQCOL CONTROLLER AGENT
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J | /
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ARINTEGRATION MENTOR AGENT
AGENT HOMEWORK AND TEST Providing
Connecting with GEN_ERAT'QN AOENT personalized
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J

Fig. 3 Functional agents responsible for specific stages of interaction.

For example, Fig. 3 presents a dialog agent for supporting live communication
and answering students’ questions, an expert agent for generating and verifying
solutions to complex mathematical problems, a visualizer agent for creating graphs,
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diagrams, and 3D models, a progress controller agent for monitoring knowledge
acquisition, and a mentor agent for individualized selection of learning pathways and
recommendations. The actions of these agent modules are coordinated through a local
communication protocol, which also enables integration with external educational

resources such as digital textbooks, online courses, and interactive simulators.

The system may include specialized agents for homework verification and for
generating test tasks of varying complexity. The homework and assessment generation
agent in a multi-agent higher mathematics education system is a specialized intelligent
module that automatically creates individualized assignments for self-study and
knowledge assessment, focusing on the level of content mastery, topics covered, types
of errors, the student’s thinking style, and course objectives. The main function of
the agent is to create substantively relevant, differentiated, and verifiable educational
content that can be used both in paper form and in digital or VR environments.

Its architecture includes several functional modules:

1. The progress analysis agent interacts with the assessment module and the
student’s activity tracker to collect statistics on completed tasks, response
time, characteristic errors, and topics requiring review. This analysis forms a

complexity profile for each student.

2. The task generation agent, based on mathematical templates (for example,
for derivatives, equations, integrals, or geometry), generates task variants with
parameterization (generation of variables, numbers, conditions). It can also
generate non-standard problems with open-ended answers or multi-step logic.
For example: “Calculate the area of the figure bounded by the graph of y=sin x
and the lines x=0, x=m.”

3. The complexity and coverage control agent uses pedagogical criteria to balance
assignments according to complexity, types of thinking (reproductive, analytical,
creative-logical), cognitive load, and time constraints. For example, each version of

a test includes a basic task, one on application, and one on synthesis of knowledge.

4. The supplementary material generation agent creates versions with hints, teacher-
format answers, or automatically generates solutions with explanations, which
can be presented in text or visual form. Its functionality overlaps to some extent
with the previously described methodologist agent, but it is more specific to

its area of specialization.

5. The multimodal support agent can generate tasks in the form of videos or voice
messages, as well as support interaction via video camera, where responses are

selected through object interaction or figure drawing.
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6. 'The security and uniqueness verification agent checks task variants for
plagiarism, minimizes the risk of memorizing answers due to template-
based repetition, and generates a large number of unique variants for
different students.

By interacting with other agents, such as the mentor or progress agent, it ensures
a full learning cycle: from task assignment to explanation, control, and review in a

format convenient for the student.

These examples clearly demonstrate that the application of a multi-agent system
enables the organization of a personalized educational environment. The differentiated
capabilities of agents in their complex hierarchy dynamically adapt to users’ educational
needs, ensuring prompt feedback. Taken together, all of this will contribute to a
deeper understanding of fundamental mathematical concepts by automating and

enhancing the possibilities of traditional education.

Given the broad range of language models that can be used to implement a
substantial variety of agents, it is necessary to consider metrics that make it possible
to select the most effective solutions for deploying multi-agent architectures.

Assessment of the Mathematical Abilities of LLMs at All Educational

Levels

The capabilities of LLMs are generally evaluated using specialized benchmark
datasets designed to measure their mathematical skills - from basic arithmetic to
complex university-level problems. The most widely used metrics for evaluating the
mathematical abilities of LLMs encompass various educational levels and skill types,
as well as the strengths and weaknesses of the models (including their contribution
to the development of structured reasoning and identification of typical errors),
performance analysis, and the potential for automated testing. Let’s examine these

metrics in greater detail.

MATH [33] offers 12,500 challenging problems from school mathematics
olympiads (algebra, geometry, number theory, probability, trigonometry) across five
difficulty levels. Answers are automatically checked, so even a single computational
error yields zero points; however, the dataset effectively identifies gaps in multi-
step reasoning and provides detailed reference solutions, which are beneficial for

training models.

GSMS8K [34] contains 8,500 word problems involving everyday arithmetic
reasoning for gifted middle school students. Each test requires 28 logical steps and
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demands an exact numerical answer. Chain-of-thought explanations are popular,
but only the final result is evaluated, allowing for correct answers without correct
reasoning, and advanced topics (algebra, geometry) are not covered.

MMLU [35] encompasses 57 disciplines with multiple-choice questions
ranging from school to university level, including mathematics, logic, and
statistics. The result is determined by matching the selected option with the
key, enabling quick model comparisons but allowing for guessing, and errors
in the keys reduce accuracy.

MathQA [36] provides 37,000 problems from school mathematics and applied
fields, each with an “operation program” of steps. The metric is the accuracy of
choosing from five options; the presence of explanations aids learning, but the
multiple-choice format again allows for guessing, and noise and atypical operations
complicate evaluation.

HumanEval [37] includes 164 university-level programming tasks: the model
must write a Python function that passes hidden tests. The benchmark effectively
assesses algorithmic thinking and precision but focuses more on programming

than classical mathematics, and the small number of tasks makes results variable.

Together, these datasets cover elementary school arithmetic, olympiad problems,
and university-level algorithmics, providing a multidimensional snapshot of LLMs’
mathematical abilities. The absence of partial credit and the possibility of guessing leave
room for new metrics that would more accurately reflect models’ real understanding
and help better select them for educational purposes.

NEW METRICS FOR ASSESSING MATHEMATICAL MULTTI-
AGENT SYSTEMS

Given the limitations of current metrics for evaluating the mathematical abilities of
LLMs, a set of new metrics is proposed, specifically oriented toward mathematics
education.

The first proposed metric, StepScore, measures the justification of reasoning.
It assesses the logical sequence of the solution, awarding points for each correctly
derived intermediate step. This is achieved using a specialized LLM or a graph-based
logic verifier, which compares the model’s steps to the rules of algebra, geometry,
etc. 'The assessment is carried out step-by-step: correct formula — +1; correct
transformation — +1; valid logic — +1; final answer — +1. The essence of the
metric can be described by the following weighted formula:
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StepScore = +,

w,:
=17

where n is the number of logical steps in the solution, ¢; € {0, 1} denotes the
correctness of the i-th step (1—correct, 0—incorrect), and w; > 0 is the importance

weight of the i-th step (by default, w; = 1).

Essentially, this expression yields a normalized weighted average score that reflects
the proportion of correctly executed logical transformations. The metric allows for
partial credit and pinpoints where exactly the model fails. This indicator can be
used in instruction as feedback.

The next metric, Learnability Index, measures how effectively the LLM’s answer
explains the solution process step by step to a student, rather than simply providing
the correct answer. The mechanism assumes that each response is analyzed by a
mentor agent (e.g., another LLM with a pedagogical prompt). This agent rates
clarity of language (Is this understandable for a 7th grader?), justification of steps,
and presence of motivational or explanatory phrases (“we see that...”, “thus...”).
The metric is a linear combination of didactic quality features with weights set by
methodologists or empirically:

Learn ability Index = A;-at + A,-B + A3-y € [0, 1],

where a € [0, 1] is linguistic clarity, B € [0, 1] is didactic alignment, y €
[0, 1] is the presence of inductive or explanatory markers (pedagogical signals),
and Ay, Ay, A3 2 0 are the weights of these components, with A, + A, + A5 = 1.

Scoring is performed on a scale from 0 to 1 or by categories (A/B/C). Sample
phrasings in responses are compared with didactic patterns. The advantages of this
metric include sensitivity to the didactic quality of the response. It encourages the
development of models capable of teaching people and can even be applied to

incorrect answers.

To more precisely capture how well LLM capabilities match users” educational
levels, the Adaptive Curriculum Error Profiling (ACEP) metric can be used,
which builds an error profile of the model along the curriculum scale. Each
problem in the test/evaluation set is labeled with the corresponding educational
level (e.g., Algebra I / Geometry / Linear Systems). Based on a series of problems,
the metric generates an error map: type of error (arithmetic, logical, conceptual);
topic in which the error occurred; frequency of errors in topics. This produces an

error profile as a vector € = (e, ey, ..., €,,), where e € [0, 1], with e; representing
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the proportion of problems in topic j solved with an error, or the failure rate
on the j-th item.

The educational level conformity function is defined as:
ACEP =1 —ize,.,
m =1

where m is the number of topics corresponding to the target educational level.

ACEDP is the inverse of the mean error share over the curriculum profile and
takes values in [0, 1]. Applying it allows one to obtain a map of model weak points,
retraining recommendations, and a meta-assessment of suitability for a given level
(e.g., “not suitable for 9th grade”). ACEP fully reflects the educational context; it
provides explanations for where the model is “undertrained” and can be used for
model comparison according to student needs.

A summary comparison of the new and existing metrics is presented in Table 1.
Finally, it is appropriate to use a combined metric, HybridMathScore,
which integrates all the proposed indicators - StepScore, Learnabilitylndex, and

CurriculumFitness, - into a single assessment. In general, such a combined assessment
can be presented as a weighted sum:

HybridMathScore = p;-S + py-L + p3-C,

where S is StepScore, L is LearnabilityIndex, C is ACEP, and p,, p,, p3 € [0, 1]
are metric weights reflecting the task objective (for example, for primary education,
more emphasis is placed on L; for upper grades, on S), with p; + p, + ps = 1.

Table 1 Comparative Characteristics of the Proposed Metrics

Metric A28 | Partial Credic 211::3;;;‘ Adaptivity
MATH X X X X
GSMS8K partial X X X
MMLU X X X X
MathQA partial X X X
HumanEval + (via code) X X X
StepScore + + partial X
Learnability partial partial + X
ACEP + X + +
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For upper secondary school, the following distribution of weighting coeflicients
may be used: p; = 0.5 (stepwise logic is most important), p, = 0.2 (explanations are
important but secondary), p; = 0.3 (curricular alignment is moderately important).
For primary school, more attention should be given to explanations, selecting, for
example, p; = 0.2, u, = 0.5, ps = 0.3.

The proposed metrics fill critical gaps in the current LLM evaluation system.
They make it possible not only to measure how “intelligent” a model is, but also
how teachable it is, whether it can explain solutions, and where it makes mistakes.
These metrics can serve as the foundation for new test sets and benchmark platforms
tailored to educational needs - both for automated tutoring and for integrating
LLMs into distance mathematics learning systems.

In the context of multi-agent systems, the proposed metric framework enables
comparison of different LLMs as educational agents, revealing their strengths and
weaknesses not only in terms of outcome, but also in logic, style, and educational
alignment. All of this is key to adapting evaluation to the needs of students at
different levels through weighted parameters.
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