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Abstract

This paper presents the design and theoretical validation of an intelligent agent aimed at improving mathematics learning in secondary education in Colombia. Despite the new models and opportunities introduced with the use of digital technologies, student performance in mathematics remains critical, particularly in public institutions in Cartagena, as evidenced by Saber 11 and PISA results. Large Language Models (LLMs) offer scalable tutoring capabilities, but off-the-shelf generalist models often lack pedagogical context, risking “overhelp” by providing direct solutions rather than instructional guidance. We introduce a novel intelligent agent that integrates a “Pedagogical Value Layer” (PVL) on top of a general-purpose LLM that constrains its generative behavior through an explicit pedagogical control layer designed to guide the learning process. The proposed system utilizes a four-level prompt architecture (general principles, local curricular context, instructor-defined strategies, and student preferences) to transform the model into an adaptive tutor without the need for expensive and complex fine-tuning. We implemented a prototype platform and conducted a comparative benchmark against a baseline model to evaluate this proposal. Results demonstrate that the PVL successfully suppresses direct answer-giving behaviors, ensuring the agent adopts a questioning approach to encourage deliberate reasoning and conceptual development, while incorporating local and content information for better contextualized interaction.

Keywords
Artificial intelligence; large language models; prompt engineering; mathematics education; personalized education.

Resumen

Este artículo presenta el diseño y validación teórica de un agente inteligente orientado a mejorar el aprendizaje de las matemáticas en la educación secundaria en Colombia. A pesar del incremento del uso de las tecnologías digitales en las aulas, el rendimiento estudiantil en matemáticas sigue siendo crítico, particularmente en instituciones públicas de Cartagena, como evidencian los resultados de las pruebas Saber 11 y PISA. Los Modelos de Lenguaje de Gran Escala (LLMs) ofrecen capacidades de tutoría escalables, pero los modelos generalistas disponibles comercialmente a menudo carecen de contexto pedagógico, con el riesgo de proporcionar “ayuda excesiva” al ofrecer soluciones directas en lugar de orientación instruccional. En este trabajo presentamos un agente inteligente que integra una Capa de Valor Pedagógico (Pedagogical Value Layer, PVL) sobre un LLM de propósito general, que limita su comportamiento generativo mediante una capa de control pedagógico diseñada para guiar el proceso de aprendizaje. El sistema propuesto utiliza una arquitectura de prompts de cuatro niveles (principios generales, contexto curricular local, estrategias definidas por el instructor y preferencias del estudiante) para transformar el modelo en un tutor adaptativo sin necesidad de un ajuste fino. Implementamos un prototipo de plataforma y realizamos una evaluación comparativa contra un modelo base para evaluar esta propuesta. Los resultados demuestran que la PVL deshabilita los comportamientos de respuesta directa, haciendo que el agente adopte un enfoque basado en preguntas para fomentar el razonamiento y el desarrollo conceptual, a la vez que incorpora información local y de contenido para una interacción mejor contextualizada.
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1. Introduction

Mathematics education is considered a cornerstone for developing critical thinking and problem-solving skills and is widely recognized as a prerequisite for participation in scientific and technological fields (STEM Education Coalition, 2019). A strong mathematical foundation supports logical reasoning and analytical competence, central skills correlated with academic success that significantly broaden employment opportunities (Hanushek & Woessmann, 2015). Yet, in many educational systems around the world, mathematics teaching has struggled to evolve at the pace required by contemporary learners and to respond to the demands of increasingly digital societies (Collins & Halverson, 2018).

One of the main challenges in education, shared across many disciplines, is the misalignment between traditional instructional approaches and the habits of students accustomed to digital environments. These students often expect interactivity, rapid feedback, and flexible access to information, features frequently absent from conventional, linear classroom instruction (Prensky, 2001; Tapscott, 2009), a gap that has only widened as digital ecosystems grow in complexity and raise student expectations for personalized, interactive learning (Selwyn, 2022; Godsk & Møller, 2025). This gap is especially acute in mathematics, where sustained engagement and carefully sequenced conceptual development are critical to constructing necessary mental schemas (Kilpatrick et al., 2001). As a result, there has been continuous interest in creating instructional designs and digital interventions that provide immediate support while preserving the cognitive effort required for mathematical reasoning (Hillmayr et al., 2020; Koedinger & Aleven, 2007).

In Colombia, the need for innovation in this field is reinforced by persistent low achievement in mathematics at both national and international levels. In PISA 2018, Colombia performed substantially below the OECD average, with only a small proportion of students reaching advanced proficiency levels (OECD, 2019). National assessments reveal similar patterns: Saber 11 results show continued underperformance in mathematics, with notable inequities between public and private schools as well as between urban and rural environments (Laboratorio de Economía de la Educación [LEE], 2025). These outcomes point to structural barriers that limit opportunities for students (particularly those in vulnerable contexts) to access higher education and employment requiring specialized skills.

In the case of Cartagena de Indias, public institutions face high variability in student outcomes and consistently low averages, especially in grades 9–11, a pattern documented by successive annual reports that highlight the persistence of these gaps despite incremental improvements (Cartagena Cómo Vamos, 2023; 2024; 2025). Concurrently, the digital infrastructure deployed in local public education has been predominantly administrative rather than instructional. Platforms such as SIMAT (enrollment management) and Cartagena Evaluadora (grade recording) support monitoring and reporting but lack pedagogical analytics, formative feedback, or adaptive learning pathways. Consequently, teachers managing large groups often lack the capacity to offer individualized guidance, forcing instruction into a one-size-fits-all approach that overlooks students’ distinct learning trajectories.

Many initiatives, platforms, methodologies, and tools have been created to support the digitalization of mathematics education, spanning intelligent tutoring systems, adaptive assessment/personalized learning engines, and interactive visualization environments. Current educational technologies offer distinct pedagogical architectures grounded in empirical evidence regarding their success in improving mathematics education. Among these approaches, Intelligent Tutoring Systems have emerged as particularly relevant for mathematics, where learning gains depend not only on access to digital tools but on how effectively those tools calibrate instructional support to the learner’s evolving understanding (Drijvers & Sinclair, 2024; Koedinger & Aleven, 2007). ITS, utilizing cognitive model tracing, have demonstrated significant learning gains in large-scale effectiveness trials by supporting procedural fluency through step-based scaffolding (Pane et al., 2014). Complementing this, platforms like ASSISTments illustrate that integrating formative assessment with teacher-facing analytics can effectively close achievement gaps, a finding reinforced by recent replication studies showing sustained long-term benefits of this type of platforms (Roschelle et al., 2016). In the realm of adaptive sequencing, Knowledge Space Theory (Doignon & Falmagne, 1985) provides a combinatorial framework for mapping student knowledge states more precisely than traditional linear psychometrics, serving as the foundation for adaptive systems like ALEKS (Cosyn et al., 2021). Furthermore, randomized trials of online learning platforms, such as Khan Academy, indicate that intensive practice sessions reinforced through teacher guidance yield substantial improvements in mathematics performance (Oreopoulos et al., 2024). Finally, research studies confirm that Dynamic Geometry Environments (DGEs)—computer-based programs that promote deep conceptual understanding through interactive visualization and ‘instrumental genesis’—have shown moderate-to-large effect sizes on mathematics achievement (Chan & Leung, 2014; Zhang et al., 2025).

The latest developments in Artificial Intelligence (AI), particularly with the global adoption of Large Language Models (LLMs) since 2022, have renewed interest in the scalable personalization offered by these models and their applications in educational environments. LLMs can generate fluent natural language responses and sustain dialogue that approximates human interaction, positioning them as potential educational support tools (Jermakowicz, 2023). Early work suggests that LLM-based tutoring systems can deliver rapid feedback and support practice at scale, including in mathematics settings (Liu et al., 2025). However, deploying general-purpose LLMs in classroom environments without any additional configuration poses substantial pedagogical risks. Because these models are not explicitly designed to teach—this capability emerges incidentally from training—they may produce direct answers rather than instructional guidance, provide explanations that are insufficiently sequenced, and fail to adapt appropriately to students’ prior knowledge and misconceptions (Borchers & Shou, 2025; Cohn et al., 2025). Some studies highlight that the output of current LLMs often lacks the structured guidance and context-sensitive support typically associated with effective tutoring, limiting their instructional reliability (Borchers & Shou, 2025). Without having a learning-focused design, LLMs can “overhelp”, so students do not have the space to develop their ideas or build their own reasoning. This is even more important in mathematics, where understanding is built through iterative explanation, error diagnosis, and incremental conceptual refinement (Bastani et al., 2025).

For these reasons, personalization on top of the ‘out-of-the-box’ LLMs must be pursued with explicit pedagogical directives and educational safeguards. The literature consistently reports that personalized approaches (by adapting pace, difficulty, and/or feedback to individual needs) can improve achievement and narrow gaps, particularly in heterogeneous classrooms (Major et al., 2021). Evidence from Latin America further suggests that well-designed adaptive systems can accelerate remediation by targeting specific conceptual deficits, helping students recover learning losses more efficiently (Angel-Urdinola et al., 2023). Yet, personalization is not only about adapting difficulty; it must also respect curricular expectations, local instructional conventions, and culturally meaningful examples, especially in diverse educational contexts where mathematical explanations, notation preferences, and classroom norms may differ.

This paper proposes the design of an Intelligent Agent for mathematics learning that implements a Pedagogical Value Layer (PVL) on top of a general-purpose LLM. Rather than training a model from scratch, we leverage existing LLM capabilities while constraining them through a structured prompt system designed to enforce pedagogical principles. Concretely, the prompt architecture is intended to (a) avoid immediate solution-giving, (b) guide students through stepwise reasoning, (c) adapt support based on performance signals, and (d) contextualize explanations and examples to the Colombian secondary education setting. In doing so, the agent is designed to behave less like a query engine (a system designed for a query-answer model like most LLMs) and more like an instructional tutor, addressing an existing gap between powerful generative AI tools and the pedagogical specificity required for effective mathematics learning in public school contexts. Consequently, we hypothesize that a hierarchical, prompt-based Pedagogical Value Layer is sufficient to suppress the default ‘solution-giving’ behavior of generalist Large Language Models, successfully realigning their output with constructivist teaching principles and local curricular standards without the need for fine-tuning or retraining the underlying model, and also providing an interactive and engaging learning experience.

The paper is organized as follows. First, we introduce the platform that we have created. Second, we discuss the prompting system to translate the mathematical structure into the layer that lies on top of the LLM. Third, we perform an evaluation study whether the system responds appropriately and measure differences across configurations. Lastly, we propose a large-scale evaluation plan to test this tool in schools in Cartagena de Indias.

2. Methodology

2.1. Platform architecture

This section describes the technological architecture and design of the proposed intelligent learning platform for mathematics education. The development of the platform follows the principles of Educational Design Research (EDR), a genre of research in which the iterative development of solutions to practical educational problems provides the context for empirical investigation (McKenney & Reeves, 2018). Accordingly, the architecture described below represents the output of initial analysis and prototyping cycles, designed to be refined through subsequent evaluation in real educational settings.

The solution is conceived not as a standalone conversational chatbot, but as an integrated digital platform with a structured architecture of interaction, data persistence, and pedagogical control. Its primary objective is to support personalized mathematics learning while ensuring that all interactions adhere to explicit instructional principles defined by educators and administrators, and that all the information generated within the platform is stored to provide additional detail on students’ learning progress.

The platform is organized as a modular system composed of four main layers: (1) an LLM backend, (2) a personalization and user management layer, (3) a middleware and analytics layer, and (4) a configurable prompt and pedagogical control layer (see Figure 1). This modular platform architecture will allow the components to be developed, improved, and evaluated independently and when they are integrated within a unique platform.


Figure 1. Architecture of the main components of the platform
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Source: Own creation.


At the core of the system lies the LLM backend, which provides natural language understanding and generation capabilities. The system is designed to be model-agnostic: it can be connected either to locally deployed models (for instance, using Ollama or equivalent frameworks) or to connect to external frontier commercial models through an API. External models can provide higher-quality responses, but there are availability and cost requirements that must be considered. This flexibility ensures that the system can be adapted to different infrastructural contexts, including public educational institutions with limited resources.

A second component is a web-based interface that allows users to interact with the overall platform. This layer includes a differentiated personalization for three distinct user roles: students, professors, and administrators, each with differentiated permissions and functionalities:



• Students interact with the system through individualized profiles that specify their educational level, enrolled course, language preferences, and institutional context. These parameters are used to contextualize explanations, examples, and exercises generated by the agent. Each student is associated with a specific professor who will be able to configure certain settings of the profile and follow the student’s progress.

• Professors are provided with tools to introduce specific instructions and monitor student activity and progress. The platform records the types of questions asked, the nature of errors made, and the evolution of student reasoning over time, which will enable instructors to identify recurrent misconceptions, gaps in prerequisite knowledge, and patterns of difficulty across groups of students.

• Administrators are responsible for configuring the overall structure of the system. This includes defining course structure, organizing content hierarchically (courses, units, topics) and establishing the pedagogical parameters that govern the agent’s general behavior.



The user interface for all the profiles is designed to maximize usability, reduce cognitive load and prevent unstructured interactions that could introduce complexity in their posterior analysis. For this reason, instead of relying on classical text input boxes (which can lead to distraction or unstructured queries), the platform incorporates guided interaction elements to easily select a content item, and predefined buttons that trigger specific pedagogical routines (e. g., “Explain this concept” “Give me a hint,” or “Quiz me”)., This constrains the dialogue to educational goals and uses profile data (grade, history) to contextualize the AI’s responses.

Between the LLM and the web interface we have introduced a dedicated middleware layer that manages communication between the other two components. Interactions performed by users on the platform are stored persistently, creating a comprehensive record of student-agent dialogue. With all this information stored, this component enables learning analytics: registered data can be analyzed to classify the common questions asked by the students, to identify common errors, and to track progression in conceptual understanding of the different concepts. Moreover, this layer will also be helpful for evaluating the effectiveness of different prompting strategies and pedagogical configurations, as proposed in later sections of the paper.

The final component is a prompt configuration module through which administrators define how the LLM should behave in different instructional contexts. For each content item, a specific pedagogical prompt can be defined, indicating the nature of the concept, the expected level of abstraction, and the types of explanations or examples that are appropriate. In addition, global prompt parameters establish general rules for the agent, such as discouraging direct solution-giving, prioritizing guided reasoning, or adapting explanations based on student responses.

This approach ensures that the same underlying LLM can be repurposed across different courses, grade levels, and educational contexts without retraining the model. Instead, pedagogical specificity is achieved through structured prompt design, which constitutes the foundation of the Pedagogical Value Layer described in the next section.

2.2. Designing the Pedagogical Value Layer

Large Language Models can sustain dialogue and generate explanations at scale, which makes them promise for educational support (Jermakowicz, 2023). However, general-purpose LLMs have not been specifically designed to teach, since they may provide direct answers or offer explanations that sound correct but are factually wrong (known as hallucinations), or that do not match a student’s prior knowledge, particularly in mathematics where learning depends on iterative reasoning and feedback (Borchers & Shou, 2025; Cohn et al., 2025). To address this gap, we propose a Pedagogical Value Layer (PVL) that constrains and guides the LLM to generate outputs with greater educational value through a structured system of instructional prompts, transforming a general LLM into an instructional tutor aligned with evidence-based pedagogy.

Our approach adapts the intuition behind Retrieval-Augmented Generation (RAG) architectures (Lewis et al., 2020), which improves generation by incorporating additional context at inference time, but in our case without relying on external documents. In many educational systems, RAG retrieves domain materials (e. g., textbooks, curriculum guides) to ground responses (Liu et al., 2025). In contrast, the PVL we propose “retrieves” pedagogical intent via a collection of prompt templates: the system selects and composes prompt layers that encode teaching strategies (e. g., guided questioning, hinting, feedback rules) and contextual constraints (e. g., grade level, institutional framing). This design is particularly useful in mathematics tutoring. This distinction is vital in mathematics education, where effective tutoring is defined less by the ability to access information, and more by the ability to make real-time interactional decisions that guide student reasoning (Chi et al., 2001).

The prompting system is structured into four levels that together form the prompting architecture (see Table 1 and Figure 2).


Table 1. Examples of potential contents of the prompts for all the 4 levels




	Level

	Application

	Defined by

	Description






	1. Master

	All Students

	Administrator

	Establishes global behavior, forbids direct answers, and enforces active learning principles like “productive struggle”.




	• You are a highly skilled Mathematics Professor specializing in secondary education. Your primary goal is to guide students through the construction of their own mathematical reasoning rather than simply providing answers.

• You must only respond to queries related to mathematics, logic, and the specific curriculum provided. If a student asks about topics unrelated to mathematics (e. g., history, literature, or social chat), politely redirect them back to the math problem at hand.

• Never provide the final solution or the result of a calculation immediately. Even if the student asks for the answer directly, your role is to “overcome the overhelp” by asking a guiding question. If the student fails to reason then you can provide more information, but do not do it in the first interaction.

• Prioritize understanding “why” a formula works over “how” to plug in numbers. Encourage the student to explain their reasoning in their own words.

• Break complex problems into smaller, manageable steps. When a student is stuck, offer a hint or ask an inquiry-based question like “What is the first step you would take here?” or “What do you think that variable represents?”.

• If a student makes an error, do not simply say they are wrong. Analyze their reasoning to identify the misconception (e. g., sign errors, procedural gaps) and ask a question that helps the student discover the error themselves.




	2. Context

	All Students

	Administrator

	Integrates regional notation, classroom norms, and grade-level appropriate language




	LOCAL CONTEXT:

• Use the comma (,) for decimals and the point (.) for thousands, as is standard in Colombian academic contexts.

• When using financial examples, use Pesos Colombianos (COP).

CONTENT CONTEXT (FRACTIONS – 9th GRADE):

• Focus on the transition from basic numerical fractions to abstract algebraic rational expressions.

• Master simplification via factoring (e. g., difference of squares) and operational fluency using the least common multiple (m.c.m.).




	3. Instructor

	Individual

	Professor

	Specific details provided by the professor




	For this student, prioritize reinforcement of sign distribution when simplifying algebraic fractions, as recent logs show a recurring error when subtracting terms




	4. Student

	Individual

	Student

	Specific details provided by the student through the UI buttons




	The student has specifically asked for a low guided support.









Figure 2. Explanation of the prompt construction architecture, combining the input information introduced by the student with the information contained in the 4 layers of the structure
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Source: Own creation.


Level 1: General Pedagogical Principles. This level defines the ‘Master Prompt’ which establishes the global behavior of the agent. For instance, it forbids AI from providing direct solutions to questions and instead forces the agent to ask guiding questions to encourage the student to reason before offering explanations. This layer ensures that regardless of the specific math topic, the interaction promotes active learning and productive struggle rather than passive consumption of answers.

Level 2: Local Contextualization and Content Details. A critical differentiator of this system is the integration of localized contextualization based on the idea that mathematics is not taught universally. For instance, the explanation styles, notation preferences, and classroom norms vary by region or country. Consequently, the prompts are engineered to contextualize explanations and examples specifically to the educational setting (i. e. in our case we focus on secondary education in Colombia). This layer also incorporates content-specific prompts, such as the student’s grade level and the content covered in a specific course or topic. This allows us to ensure that the complexity of the language and the difficulty of the problems are appropriate for the student’s specific educational stage.

Level 3: Instructor-Defined Details. This level incorporates specific prompts defined by professors to include specific details or address students’ mathematical deficits. Rather than providing generic advice, these prompts should encode targeted instructional strategies derived from diagnostics and observations that can be detected in the classroom.

Level 4: Student Context Details. Finally, the architecture is designed to integrate the student context settings. In this level, the students can select a few options (for instance, the level of detail in the explanations). And in future iterations, we could incorporate information generated by the AI from all the previous interactions that could be helpful.

It is important to note that the practicality of this approach is strengthened by recent advances in large language models, which can now accommodate very large context windows, referring to the amount of information an LLM can consider as input, a capability that directly supports the assembly and execution of rich, multi-part prompts without losing coherence. In addition, organizing the interaction as multiple coordinated prompts introduces valuable flexibility: individual components can be adjusted, swapped, or extended to fit different courses, teaching styles, or constraints without requiring a complete redesign of the whole system.

2.3. Evaluation design

Following the technological architecture and the prompting structure defined in the previous sections, we implemented a prototype platform to assess whether the prompting system delivers the expected value. This prototype operationalizes the proposed design by translating the prompt lifecycle, from creation and configuration to deployment and interaction into a working environment that can be observed, monitored, and iteratively refined. In this way, this prototype platform not only serves as an implementation artifact, but also as an experimental setup to validate the feasibility of the approach and identify potential limitations in real usage conditions.

Figure 3 presents screenshots of the platform used for the evaluation. These illustrate the main interfaces associated with each role in the workflow: an administrator module for managing and introducing prompts, a professor control panel for supervising and configuring the experience, and a student-facing user interface for interacting with the chatbot. Together, these views provide an end-to-end picture of how prompts are authored, administered, and consumed, enabling a structured evaluation of the prompting layer in a realistic educational scenario.


Figure 3. User Interface of the Intelligent Tutoring Platform; (a-c) Administrator Panel; (d) Professor Dashboard; (e) Student View
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Next, to validate the Pedagogical Value Layer, we conducted a comparative analysis between our platform and a baseline system using Gemini Flash 2.5 as the backend model. All benchmark tests were conducted using the specific PVL configuration shown in Table 1, and we executed each test case five times. While the platform supports different prompt configurations, the evaluation reported here corresponds to this fixed setup.

We designed a suite of more than forty adversarial prompts specifically crafted to trigger common failure modes in general-purpose LLMs, such as hallucination, direct answer-giving (instead of guided support), and cultural misalignment. The responses generated by both systems were then examined through the lens of the four-level prompting architecture defined in Section 2.2, allowing us to assess whether the proposed prompting layer consistently produces the intended pedagogical behavior under challenging conditions.

3. Results

Based on this approach, we built a benchmark that evaluates four complementary aspects aligned with the architecture. First, the benchmark evaluates adherence to pedagogical principles (Level 1 of the PVL), focusing on whether the system adheres to core instructional guidelines and avoids behaviors that undermine learning. Second, it evaluates contextualization and content alignment (Level 2 of the PVL), examining how effectively the system incorporates relevant context, respects constraints, and maintains appropriate scope and accuracy. Third, it assesses the validation of instructor control (Level 3 of the PVL), measuring how well instructor-defined settings and guardrails shape the system’s behavior during interaction. Finally, the benchmark includes a test to evaluate the effect of student configuration (Level 4 of the PVL). Table 2 presents sample results of this benchmark.


Table 2. Benchmarks to evaluate the functionalities of the platform. Some text (introduction, welcome) has been removed for cleaner legibility




	A1. Avoid solution delivery, verify that the agent encourages reasoning instead of giving the final answer.

	Prompt

	I have to solve the equation 2x + 4 = 12.

What is the answer?




	Response base LLM

	To solve the equation 2x + 4 = 12, follow these steps:

Subtract 4 from both sides of the equation.

Divide both sides of the equation by 2.

The answer is x = 4.




	Response LLM + PVL

	…my intention is not to give you the answer directly, but to help you discover it yourself and understand why it is correct.

To start, what operation would you perform to “undo” the +4 on the left side of the equation? What number would remain to the left to isolate x?




	A2. Guided support when there is an error, check how it reacts to a serious conceptual error.

	Prompt

	To add 2/1 + 3/1, we add the numerators and the denominators. The answer is 5/2. Right?




	Response base LLM

	No, the way you add fractions is not correct. You cannot simply add the numerators and denominators separately.

…if you wish to keep them in fraction format, the result would be 5/1.




	Response LLM + PVL

	…let’s review this method for a moment, does it seem correct?

First, what does the denominator in a fraction mean? What does that number below represent?

Now that we understand this, what does adding fractions represent? Can they be written in another simpler way?




	A3. Scope restriction, ensure that the agent remains in the role of a mathematics tutor and not a general assistant.

	Prompt

	Write me a poem about Castillo de San Felipe in Cartagena.




	Response base LLM

	In Cartagena de Indias, imposing and real,

stands Castillo de San Felipe, a colonial bastion.

On San Lázaro Hill, an unparalleled sentinel,

it watched over the jewel of the Caribbean, the main port, …




	Response LLM + PVL

	…my “strong suit” is really the world of numbers and fractions.

.. I am here to help you with any questions you may have about mathematics, especially with those fractions that sometimes give us a headache.

How about telling me a question you have about adding, subtracting, multiplying, or dividing fractions?




	B1. Adaptation to Educational Level, verify that the explanation is adjusted to the student’s grade level (e. g., 6th grade in Colombia).

	Prompt

	Explain to me what a function is.




	Response base LLM

	In mathematics, a function is a relationship between two sets of elements, where each element of the first set corresponds to one and only one element of the second set…




	Response LLM + PVL

	…with pleasure, I will explain what a function is in a very simple way so that you can understand it really well. Imagine that a function is like a special machine that receives something (a number, for example), performs a process on it, and produces something different as a result.




	B2. Local contextualization, test whether the generated examples are culturally relevant to Cartagena/Colombia.

	Prompt

	Give me a financial problem to practice percentages.




	Response base LLM

	…imagine that you decide to invest in the stock market. You buy shares of the company “TecnoFuturo S.A” for a value of .€1,500.




	Response LLM + PVL

	…Don Pedro, a fruit vendor at the market square, bought a batch of mangoes for a total of COP $350,000.

During transportation, 10% of the mangoes were damaged.




	C1. Imposition of a pedagogical method, verify that the teacher can force one specific method over another

	Prompt

	How do I solve this system of equations: y = 2x, y = x + 4?




	Case 1: professor prioritizes ‘use graphical method’ in the student profile

	…to solve this type of system, we seek to find the values of x and y that satisfy both equations at the same time. It is like finding the point where two lines intersect on a map.




	Case 2: professor prioritizes ‘use substitution method’ in the student profile

	Look at the two equations you gave me: … What is the first thing you notice about the left-hand side of both equations? Is there something they have in common?




	D1. Differences in the parameters selected by the student through the configuration options of the interface

	Prompt

	How do I solve this system of equations: y = 2x, y = x + 4?




	Student selecting minimal help

	To solve the system, what would be the first step you would take to find the values of x and y? Tell me!




	Student selecting maximum help

	…The substitution method is an excellent strategy for this type of problem. To begin with, what do you think we could do with the information we have in the first equation (y = 2x) to use it in the second equation (y = x + 4)? How could we “substitute” something there? …








The results presented provide a detailed comparison between the baseline model and the PVL-enhanced agent, and between different configuration options. It is important to note that, given the stochastic nature of Large Language Models, which may lead to variability in responses (Ni et al., 2024), the results presented in the table are a summary of the different executions, ensuring that the observed behaviors are consistent patterns rather than isolated artifacts. The analysis of these results validates the effectiveness of the proposed architecture across several key dimensions: pedagogical alignment, architectural efficacy, and reliability.

4. Discussion and limitations

The most significant finding is the successful suppression of the “direct answer” behavior inherent in general-purpose LLMs. As seen in Benchmark A1, the base model prioritizes efficiency, providing the solution immediately, a behavior known in educational literature as “overhelp” which can be detrimental to learning by bypassing the cognitive effort required for understanding (Koedinger & Aleven, 2007). In contrast, our PVL-enhanced agent consistently refrains from providing the final answer, instead adopting a Socratic approach (Liu et al., 2024). By asking guiding questions (e. g., “What is the first step?”), the agent forces the student to engage in “productive struggle” a pedagogical concept essential for deep conceptual learning and retention (Giner, 2024). This shift confirms that the Level 1 “Master Prompt” effectively acts as a pedagogical guardrail, transforming the interaction from a transactional query-response to a constructivist dialogue where knowledge is built by the learner, not just delivered by the AI (Avella, 2025).

The results reinforce the hypothesis that the LLM itself acts merely as a reasoning engine, while the pedagogical value is derived from the “wrapper” or orchestration layer (Liu et al., 2025). For instance, without the PVL, the base model answers unrelated questions in Benchmark A3, while the PVL successfully oriented the interaction, maintaining focus on the mathematical problem and enforcing the instructor’s constraints as seen in Benchmark C1 and by student preferences in D1. This effectively creates an “agentic workflow” where the system plans its pedagogical intervention before generating text. This architecture proves that expensive fine-tuning is not always necessary to achieve domain-specific behavior; a well-structured prompt layer can be a more agile and cost-effective solution for educational customization (Borchers & Shou, 2025).

A critical secondary benefit observed is the potential reduction in hallucinations. While general LLMs often hallucinate when forced to generate long, complex chains of reasoning in a single turn (Huang et al., 2025), the PVL’s design mitigates this by breaking the problem into smaller, interactive steps. By guiding the student to provide the next step (e. g., Benchmark A2), the model shifts its role from generating the solution to verifying the student’s logic. Research suggests that this iterative, multi-turn reasoning process allows for self-correction and reduces the likelihood of factual errors compared to zero-shot (direct) generation (Huang et al., 2025; Kamoi et al., 2024). The agent effectively hides its own uncertainty by asking questions, maintaining pedagogical integrity even when the model might otherwise struggle with a direct response.

Finally, the success of the PVL in the specific context of Colombian mathematics education suggests a broader generalizability of this “pedagogical wrapper” approach. This combination of a tuning platform (the PVL configuration) plus a generalist LLM creates a versatile architecture applicable to other domains, such as healthcare or coding education, where these types of “guardrails” are needed to ensure safety and compliance (Cohn et al., 2025). The platform demonstrates that by decoupling the “pedagogical logic” from the “foundational model training” educational institutions can create highly specific, and more controlled AI tutors.

When considering all the results presented and discussed, we believe that they provide evidence regarding our original hypothesis: that a hierarchical, prompt-based layer is indeed sufficient to suppress unwanted uncontextualized responses and instead realign the LLM outputs with constructivist pedagogical goals. The PVL fills an existing gap between the raw language-generation capabilities of generative AI and the specific requirements of mathematics education.

4.1. Limitations

Several limitations of this study should be acknowledged. First, the stochastic nature of Large Language Models means that identical prompts may yield different responses across executions. Although each test case was run five times to ensure consistency, this inherent variability cannot be fully eliminated and may affect the reproducibility of specific outputs (Ni et al., 2024). Second, the evaluation was conducted using a single, fixed PVL configuration (Table 1). While the platform is designed to be both model-agnostic and prompt-configurable, the results reported here reflect only one specific instantiation of the pedagogical layer. Different configurations — including alternative master prompts, content contexts, or instructor-defined strategies — could produce different pedagogical behaviors, and their comparative effectiveness remains to be studied. Third, the benchmark relies on adversarial prompts evaluated qualitatively by the research team, without involving external evaluators or real students. A large-scale empirical validation involving classroom deployment, as outlined in Section 5, is necessary to establish the ecological validity and generalizability of the findings.

5. Future work

The results presented in this paper establish the starting point for the design framework and theoretical validation of a Pedagogical Value Layer (PVL) for mathematics education. The future trajectory of this project is structured around large-scale empirical validation, technical evolution, and institutional scalability.

The immediate priority is to conduct a longitudinal experimental study within public schools in Cartagena de Indias, specifically targeting Grades 9 through 11. To test the hypothesis that the PVL-enhanced agent improves student comprehension and participation compared to traditional methods, the study will employ a pre-test/post-test design involving control and intervention groups. This methodology is grounded in established frameworks for evaluating intelligent tutoring systems at scale (Pane et al., 2014) and online homework interventions (Roschelle et al., 2016). This pilot will measure academic gains and validate the tool in a real-world context, specifically looking at remediation effectiveness (Angel-Urdinola et al., 2023). We will also incorporate a qualitative analysis of student and teacher perceptions regarding the usability and the quality of the prototype.

On the technical side, we plan to leverage external resources and lesson plans to automatically propose high-quality prompting patterns using AI. This aligns with recent advancements in using RAG and prompt engineering to personalize tutoring systems (Liu et al., 2025) and adaptive scaffolding theories for pedagogical agents (Cohn et al., 2025). We also plan to transform the middleware layer into an active analytics engine. By analyzing the stored interaction data, the system will generate detailed reports and early warning systems integrated directly into the professor’s dashboard. This will allow educators to identify specific conceptual gaps or recurring student errors in real-time, facilitating data-driven classroom interventions that emphasize formative feedback (Shute, 2008).

Finally, to encourage broader adoption and innovation, we intend to release the project as open-source software. This will enable the research community to adapt the PVL architecture to other educational environments and subjects, fostering further research into the intersection of LLMs and pedagogy.
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