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Abstract
Providing tailored and multimodal academic support in mathemat-
ics remains a complex task, especially when the goal is to deliver
timely assistance aligned with specific curricula. Many current
question-answering (QA) systems are limited in interactivity, per-
form inconsistently across different input types (e.g., text, image,
voice), and often fail to respond effectively to individual learn-
ing needs. These challenges are even more prominent in subjects
like algebra or geometry, where abstract reasoning and step-by-
step solutions are crucial. This paper introduces a conversational
AI tutoring system grounded in Large Language Models (LLMs)
and multi-agent design, with each agent addressing a specific in-
structional function (Informer, Verifier, Insight, Practice, Tutor).
The system integrates multimodal inputs and features a personal-
ized feedback loop that tracks student difficulties, updates learning
records, and suggests suitable practice tasks or learning videos.
Evaluated with ninth-grade students in Vietnam, the system has
demonstrated promising results for both educational impact and
broader applicability.

CCS Concepts
• Applied computing → Collaborative learning; • Human-
centered computing → HCI theory, concepts and models;
• Computing methodologies → Natural language process-
ing;Multi-agent systems; • Information systems→ Recom-
mender systems.
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1 Introduction
The integration of Artificial Intelligence (AI) into education has
grown rapidly, especially with the increasing shift toward online
and hybrid learning environments. This shift has created a clear
need for tools that offer both scalable and personalized academic
support. Such tools are intended to complement traditional teaching
by enabling faster feedback and personalized learning experiences
for students.

Mathematics, however, poses particular challenges for AI-based
systems. Its concepts are often abstract, requiring structured, step-
by-step reasoning that generic solutions often struggle to provide.
Students vary in how they understand mathematical concepts, and
generic materials often lack alignment with these diverse learning
needs.

General-purpose Large Language Models (LLMs) have shown
impressive capabilities, yet their application in education remains
limited by issues such as alignment with specific curricula and in-
consistent reliability in formal academic contexts. These limitations
are even more pronounced in non-English settings. Recent multilin-
gual benchmarks point to persistent issues, including cultural bias,
dependence on memorization-based testing formats, and insuffi-
cient support for low-resource languages [18]. In practice, these
gaps have been shown to result in reduced reasoning performance,
as demonstrated in the IRLBench study comparing English and
Irish [18].

In response to these limitations, this work presents a multi-
agent tutoring system for mathematics learning that supports mul-
timodal inputs (text, speech, and image). Each agent in the system
is designed with a dedicated pedagogical role, allowing not just
curriculum-aligned answers but also proactive detection and reme-
diation of student weaknesses during the learning process.

The key contributions of this work include:
(1) Introduces a multi-agent tutoring AI framework for mathe-

matics education, in which each LLM agent plays a distinct
pedagogical role to enhance clarity and explainability.

(2) Proposes a comprehensive multimodal processing framework
for text, speech, and image-based queries, featuring a task-
specific multistep RAG approach for image-based queries aimed
at improving retrieval accuracy.

(3) Constructs a domain-specific knowledge base aligned with the
official Vietnamese ninth-grade mathematics curriculum, com-
bining curated textbook content and educational video meta-
data.

https://doi.org/10.1145/3746274.3760396
https://doi.org/10.1145/3746274.3760396
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(4) Presents an empirical study involving real students and a struc-
tured evaluation plan, providing early insights into the effec-
tiveness and usability of multimodal AI tutoring systems in
real-world educational settings.

The system is also presented as an empirical study to advance the
understanding of AI-powered Q&A systems for multimedia [11].

2 Related Work
Our approach builds on advances in three closely related areas:
Intelligent Tutoring Systems (ITS), Conversational AI in Education,
and Multimodal Question Answering (MMQA).

2.1 Intelligent Tutoring Systems
Intelligent Tutoring Systems (ITS) have a long and rich history,
evolving from early rule-based platforms to more sophisticated,
data-driven, and AI-powered systems [1]. A scientometric review
by Guo et al. highlights the multidisciplinary nature of ITS research
and the recent trend towards integrating modern AI techniques
to create more dynamic and natural learning interactions [5]. Our
work builds upon this evolution by leveraging a multi-agent struc-
ture where each agent is assigned a specific pedagogical role, mov-
ing beyond a single monolithic AI model to a more structured and
explainable tutoring framework.

2.2 Conversational AI in Education
The application of chatbots in educational settings has been system-
atically reviewed, with studies covering prominent systems such as
Khanmigo, DeepTutor, and NeuroChat [8]. A key finding from this
research is that many existing systems are still primarily text-based
and often lack the capability to proactively diagnose student knowl-
edge gaps. Another comprehensive review by Labadze et al. notes
that although widely used AI chatbots — such as GPT, Ada, and
Socratic — have enabled more interactive natural language environ-
ments, they typically lack alignment with specific curricula and do
not consistently offer adaptive support based on individual student
performance [9]. Our system directly addresses these gaps through
its proactive Insight and Practice agents, which are designed
to detect and remediate specific weaknesses based on the ongoing
conversation.

2.3 Multimodal Question Answering (MMQA)
Recently, the field of MMQA has seen a significant surge in multi-
agent approaches for handling complex and diverse queries. Re-
search has demonstrated the power of specialized agents in syn-
thesizing information from diverse sources, including document
understanding [6], video QA [7], and attribution-based question an-
swering leveraging Retrieval-Augmented Generation (RAG) meth-
ods [2]. Rajput et al. also propose a multi-agent perspective that
improves information synthesis in MMQA [13].

A recent and relevant study is IRLBench [18], a multimodal
benchmark developed from Irish national examination materials.

Although both projects emphasize the need for culturally and ped-
agogically grounded evaluation resources for low-resource lan-
guages, their goals differ significantly. IRLBench focuses on bench-
marking open-ended generative reasoning from complex PDF doc-
uments, whereas our system is designed as a fully interactive tu-
toring platform. In particular, our approach includes a dynamic
and personalized pedagogical feedback loop — implemented via the
Insight and Practice agents — which extends beyond the static
evaluation purpose of conventional benchmarks.

However, most of these advanced works focus primarily on
general-purpose datasets and benchmarks. To the best of our knowl-
edge, no empirical study has yet concentrated on applying a multi-
agent, multimodal QA system to the specific domain of mathematics
tutoring grounded in a national curriculum. Our work aims to fill
this void by presenting a complete empirical study that combines
a multistep RAG process with a framework of agents assigned
with clear pedagogical roles, tailored specifically to the Vietnamese
ninth-grade mathematics curriculum.

3 Methodology
Our system is designed based on a multi-agent architecture [17]
to handle the complex and dynamic nature of a tutoring conver-
sation. It is implemented as a web application using the Streamlit
framework [14], providing a lightweight and interactive interface.
The system is built on Haystack, a widely used open-source toolkit
that supports the development of applications using large language
models (LLM) [3], due to its modular design and built-in support for
retrieval-augmented generation pipelines. The overall architecture,
depicted in Figure 1, is composed of a central Orchestration Hub
that acts as the main interface to the user, and two specialized func-
tional modules: a Problem-Solving Engine for providing accurate
answers, and a Learning Engine for driving personalization.

Figure 1: The proposed adaptive multi-agent architecture.
The central Orchestration Hub receives user queries and
delegates tasks to two specialized modules: the RAG & Verifi-
cation engine for problem-solving (FlowA), and the Learning
Engine for personalization (Flow B).
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3.1 User Interaction and Interface
The system provides a dynamic, multimodal conversational inter-
face that enables users to engage with the underlying multi-agent
architecture seamlessly.

As shown in Figure 2, the interface supports various input modes:
students can type a question, upload an image, or submit a spoken
query via speech-to-text. This design accommodates diverse user
preferences and problem formats, particularly those with visual
components, which regularly appear in school-level mathematics
problems.

Figure 2: Themain conversational interface withmultimodal
input options (text, image, and speech).

A key feature of our system is its ability to provide proactive
and personalized feedback. As shown in Figure 3, after a series of
interactions in which the system detects a potential knowledge gap,
the Learning Engine is activated. The chatbot then automatically
initiates a new conversational turn, suggesting tailored practice ex-
ercises and learning resources to address the specific misconception
identified.

Figure 3: The system proactively identifies a misconception
and suggests personalized exercises.

The insights generated from these interactions are persistently
stored and visualized in the student’s personal learning profile.
This profile page serves as a dashboard for students to track their
progress and understand their knowledge gaps.

Figure 4 presents a summary of the student’s progress, including
their most recently identified misconception and the total number

of concepts identified for further improvement. This overview of-
fers learners a clear and immediate understanding of their current
academic progress.

Figure 4: The summary view of the learning profile, high-
lighting the most recent weakness and overall statistics. This
card-based layout provides a quick overview for the student.

Furthermore, the profile offers a detailed breakdown of all identi-
fied weaknesses. Figure 5 displays the cumulative list of misunder-
stood concepts, which is appended over time, creating a long-term
learning history. This list is supplemented with actionable learning
suggestions that help students address specific knowledge gaps.
This entire process creates a continuous and transparent feedback
loop, empowering students to take control of their learning journey.

Figure 5: The detailed view of the learning profile, showing
the cumulative list of all misunderstood concepts and pro-
viding actionable learning suggestions.

3.2 The Multi-Agent Framework
The core reasoning capabilities of the system are distributed among
five specialized agents, each designed to fulfill a specific instruc-
tional role. This modular architecture increases the fault tolerance
of the system and improves the interpretability of its responses.

3.2.1 Intent Classification for Dynamic Orchestration. To support
dynamic, context-sensitive dialogue, the tutoring module relies
on an intent classification mechanism. This enables the system to
identify user goals and route queries to the relevant agent or initiate
a targeted conversational pathway. Intent recognition is handled by
the language model using a minimal-example prompting strategy,
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in which the model is guided by representative samples for each
predefined intent to ensure reliable classification.

We designed six key intents, categorized into two main groups:

Core Academic Intents. This group encompasses essential learn-
ing interactions commonly encountered in mathematics tutoring
scenarios.

• math_question: Activated when students ask about math-
ematical concepts, request definitions, or seek step-by-step
solutions. Example: "solve the equation x^2 - 5x + 6 = 0."

• request_for_practice: Recognizes situations where students
explicitly request additional exercises to strengthen their
understanding. Example: "give me more exercises on this topic."

Communication and Support Intents. This group manages the
conversational and affective aspects of the tutoring experience.

• study_support: Addresses general questions about learning
strategies and motivation. Example: "how can I study math
better?".

• expression_of_stress: Detects expressions of frustration
or fatigue, allowing the system to switch to an empathetic,
supportive role. Example: "this problem is too hard, I’m really
discouraged".

• greeting_social:Manages common social interactions like
greetings and thanks to make the conversation feel more
natural. Example: "hi there!" or "thanks for your help!"

• off_topic: Catches queries unrelated to mathematics or learn-
ing, enabling the chatbot to politely redirect the conversation.
Example: "do you know who won the football match last night?"

3.2.2 Agent Roles and Responsibilities. To effectively emulate a
human tutoring experience, the system’s tasks are deconstructed
and assigned to agents with specific pedagogical roles. These agents
are organized into two primary functional engines, which are coor-
dinated by the central Tutor Agent. This separation of concerns
allows the system to handle different aspects of the conversation —
such as factual instruction, personalized feedback, and social inter-
action — with specialized logic.

Tutor Agent (Orchestration Hub). This agent serves as the central
brain of the system and the sole point of contact with the user. It is
responsible for managing the overall conversational flow, invoking
the intent classifier, and delegating tasks. As shown in Figure 1,
when a user asks a ‘Question‘, the Hub sends a ‘Solve Request‘ to the
Problem-Solving Engine. After a series of interactions, it proactively
triggers the Learning Engine by sending the conversation history
for analysis (‘Analyze Chat‘). Then it receives processed outputs
from both engines (‘Validated‘ answers or ‘Exercises‘) and delivers
them to the student. It is also responsible for the ‘Update Profile‘
action, persisting insights to the database.

Problem-Solving Engine (Informer & Verifier Agents). This en-
gine (Flow A in Figure 1) is designed to generate accurate, verified,
and curriculum-aligned responses to mathematical queries. It op-
erates as an independent module triggered by the Tutor Agent
in response to any math_question intent, which sends a ‘Solve
Request‘ as input.

• The Informer Agent initiates the RAG process. It receives
the student’s query and conversation history, performs a

‘RAG Query‘ on the curated knowledge base, and constructs
a detailed, step-by-step ‘Draft‘ response.

• This draft is forwarded to the Verifier Agent, which serves
as a mathematical validation layer. The draft is assessed for
mathematical accuracy, logical consistency, and alignment
with the original query. If necessary, it suggests corrections
based on identified issues.

The resulting output — a ‘Validated‘ and, if required, revised
response — is then returned to the Tutor Agent for presentation
to the student.

Learning Engine (Insight & Practice Agents). This engine (Flow B
in Figure 1) supports personalized adaptation by analyzing interac-
tion patterns to discover potential learning challenges. Activation
occurs when the Tutor Agent observes recurring signals that indi-
cate conceptual confusion, proactively triggering the engine with
an ‘Analyze Chat‘ signal containing the conversation history.

• The Insight Agent functions as a diagnostic component. It
silently analyzes the latest sequence of exchanges (conversa-
tion history) to identify potential areas of misunderstanding
or student weaknesses. This is achieved by prompting the
LLM with the conversation history and a set of illustrative
examples (a few-shot technique) and instructing it to iden-
tify specific mathematical concepts that the student appears
to be struggling with. When a knowledge gap is detected,
its findings — referred to as ‘User Insights‘ — are format-
ted into a structured JSON object, which includes the field
misunderstood_concepts listing topics that require further
attention.

• The JSON output follows two pathways. One copy is persis-
tently stored in the learner’s profile by the Tutor Agent for
longitudinal tracking (see Section 3.2.3). At the same time, the
‘Insight Agent‘ uses the same information to ‘Send Topic‘
to the Practice Agent for targeted remediation.

• The Practice Agent addresses the gap by taking two specific
actions: (1) generating original practice ‘Exercises‘ designed
to reinforce the relevant concept, and (2) retrieving an in-
structional video recommendation by performing a ‘Query‘
on indexed metadata.

Once completed, the feedback package — comprising both ex-
ercises and video materials — is routed back through the Tutor
Agent, who provides the content as a learning intervention tailored
to the learner and delivered at the right time.

3.2.3 User Profile Persistence. To enable long-term personalization,
the system uses the Supabase framework [15] to maintain a persis-
tent profile for each user. The user_profiles database stores data
generated by the Insight Agent, such as misunderstood concepts.
This allows the system to have a "long-term memory" adapting its
suggestions and support across multiple learning sessions. Row-
level security policies are enforced to guarantee the privacy of each
student’s learning data.

3.3 Multimodal Mathematical Conversational
AI

3.3.1 Dataset Curation. The system’s knowledge base is grounded
in the ninth-grade mathematics curriculum of Vietnam. This was
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selected as a critical milestone for the progression of Vietnamese
K-12 students.

• Textbook Data: The full content of the two-volume textbook
set was extracted using the MinerU framework [19]. The raw
text was then cleaned using a sequence of processing steps to
eliminate elements such as page numbers and headers. This
produced a clean .txt file that serves as input to the RAG
system.

• Video Metadata: We created a "Video Cheatsheet" by curat-
ing metadata from a popular educational YouTube playlist by
Vietjack covering the same curriculum. This videos.json
file contains titles, keywords, and summaries for each video,
enabling targeted recommendations.

3.3.2 Multimodal Input Processing. The system is designed to han-
dle three types of user input, with all generative tasks powered by
the Gemini 1.5 Pro model [4]:

• Text: Textual queries are processed through a standard RAG
flow, where the query is used to retrieve relevant text chunks
that augment the LLM’s context.

• Speech: Voice inputs are first transcribed into text using the
faster-whisper library [16]. This initial step converts the
audio input into normalized text, enabling compatibility with
the existing text-based processing pipeline.

• Image: To handle image-based queries, we implement a struc-
tured workflow RAG process that begins with a crucial pre-
retrieval query transformation step. This approach is moti-
vated by the challenges of processing complex documents,
such as exam papers or textbooks. Following the approach
adopted in recent benchmark construction efforts — notably
IRLBench [18] — we employ the Gemini-Vision model as
an advanced OCR tool in the initial stage to extract textual
context from images. This extracted text is then combined
with the user’s prompt to form an enriched query, which is
subsequently used in the RAG retrieval stage to find relevant
documents.

3.3.3 Utilization of Video Metadata for Learning Recommendations.
Our system leverages multimedia data not only to handle user
queries, but also as an integral feedback resource, directly sup-
porting one of the central objectives of the AIQAM workshop.
The Practice Agent, upon receiving a weakness topic from the
Insight Agent, queries the videos.json dataset to find the video
whose title, keywords, or summary best matches the identified topic.
This enables the chatbot to give precise recommendations, such
as: "I notice you might need more practice with Vieta’s formulas.
You can refer to the video ’Grade 9 Math - Lesson 3: Vieta’s for-
mulas’ in the playlist." This approach demonstrates a practical and
effective method for achieving the stated objective of "utilization
of multimedia data for providing valuable answers and feedback."

4 Evaluation
4.1 User Group
To evaluate the effectiveness of the system, we conducted an initial
empirical study with 10 ninth-grade students, aged 15-16, who
were randomly selected from various secondary schools in Hanoi,
Vietnam. Although this sample size is intended for preliminary

insight and not statistical generalization, the participants represent
a typical demographic for the system’s target audience.

4.2 Evaluation Procedure
The evaluation will be conducted using a Google form designed
to collect user feedback. We will employ a task-based evaluation
method in which students are asked to complete specific tasks
such as solving a problem from an image, triggering the proactive
learning loop, and checking their user profile.

4.3 Evaluation Criteria
The evaluation form includes both quantitativemetrics (on a 5-point
Likert scale) and open-ended questions for qualitative feedback. We
assess five main dimensions: Usefulness, Accuracy, Personalization,
User Experience, and Safety.

4.4 Preliminary Observations
During internal testing, we observed that the multi-step RAG ar-
chitecture for image-based queries produced significantly more ac-
curate and relevant results than relying solely on the user’s textual
description. This finding highlights the importance of transforming
the query before the retrieval phase, which is found to play a critical
role in enabling effective multimodal QA.

5 Results, Discussions and Ethical
Considerations

5.1 Results
The evaluation involved 10 ninth-grade students from various lower
secondary schools in Hanoi. A significant majority (80%) had prior
experience with general-purpose AI chatbots, citing a lack of ac-
curacy and the inability to solve curriculum-specific problems as
their primary weaknesses with existing tools. This confirms the
motivation for our specialized system.

The quantitative results of the user evaluation are summarized
in Table 1, which groups the metrics by the core capabilities of the
system.

The performance of the system core QA performance was
rated highly. Text-based interactions, including the accuracy of
solutions and contextual understanding in follow-up questions,
achieved strong average scores of 4.7 and 4.6 out of 5, respectively.
The image understanding capability, a key feature of our multi-
step RAG architecture, was also rated very favorably at 4.4. As
anticipated, the speech-to-text functionality received a lower score
of 3.8 due to real-world technical and accuracy challenges, and is
identified as a primary area for future technical refinement.

The most significant results were observed in the Proactive
Personalization Loop. This set of features was the highest-rated
aspect of the entire system. The system’s ability to automatically
identify student weaknesses achieved an exceptional score of 4.7.
Crucially, the relevance of the dynamically generated exercises and
the usefulness of the curriculum-aligned video recommendations
were also rated very highly, with scores of 4.7 and 4.8, respectively.

Finally, the system’s ability to provide a safe and supportive envi-
ronment was validated. The composite User Experience & Safety
metric, which includes politeness, empathy, and safety, achieved a
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strong score of 4.4, which confirms the effectiveness of the Tutor
Agent’s conversational design.

Table 1: Average User Ratings for System Capabilities (Scale
1-5, N=10)

Capability Average Score
Core QA Performance

Accuracy of Math Solutions (Text) 4.7 / 5
Contextual Understanding (Text) 4.6 / 5
Image Understanding 4.4 / 5
Speech Understanding 3.8 / 5

Proactive Personalization Loop
Proactive Weakness Detection 4.7 / 5
Relevance of Generated Exercises 4.7 / 5
Usefulness of Video Recommendations 4.8 / 5

User Experience & Safety
Affective Support & Safety 4.4 / 5

5.2 Discussion
The results of our empirical study strongly validate our multi-agent,
multimodal approach for personalized tutoring. The high scores
on accuracy and contextual understanding (Table 1) directly ad-
dress the primary weaknesses identified by participants in general-
purpose chatbots. By grounding the system’s knowledge in a cu-
rated, curriculum-specific dataset via RAG, we significantly in-
creased user trust, a critical factor in educational applications.

One notable observation from the evaluation is the positive
reception of the proactive personalization loop. Feedback from
participants indicated that the Insight and Practice agents con-
tributed meaningfully to the learning experience by identifying
student weaknesses and offering tailored practice. This aligns with
the intended goal of moving beyond static Q&A and toward more
adaptive, personalized tutoring. In particular, the use of video meta-
data for curriculum-aligned recommendations was frequently men-
tioned in qualitative feedback as a distinctive feature that increased
the perceived level of personalization.

Furthermore, the favorable evaluation of the image-based
problem-solving task serves as a strong endorsement for our multi-
step RAG architecture. This approach, which uses a vision model
for a pre-retrieval query transformation step, is similar in principle
to the data extraction pipelines used in recent benchmark creations
like IRLBench [18]. Our results demonstrate that this method is
effective not only for data set creation, but also for real-time query
understanding in an interactive system, successfully handling re-
quests with minimal textual context.

Although this work focuses on the Vietnamese educational con-
text, it reveals challenges that reflect broader trends in multilingual
AI research. The IRLBench study [18], for example, illustrates a
notable disparity in reasoning capabilities between English — a
high-resource language — and Irish, a low-resource one. This ob-
servation echoes the intrinsic challenges of developing reliable
AI systems for underrepresented languages such as Vietnamese.
Through this case analysis, we add to the growing discourse on

the real-world obstacles and design requirements necessary for cul-
turally aware, educational AI solutions in low-resource linguistic
contexts.

5.3 Limitations
The primary limitation of our empirical study is the small sample
size (N = 10). Although feedback provides valuable initial infor-
mation, the results are not statistically significant and cannot be
generalized. A larger-scale study, potentially including a control
group or comparison with human tutors, is necessary to draw more
robust conclusions about the system’s educational impact.

Our system’s performance is also heavily dependent on the qual-
ity of a single underlying LLM (Gemini 1.5 Pro). As demonstrated
by the IRLBench study that benchmarked multiple models [18],
performance can vary substantially between different foundational
models. Additionally, the Insight Agent’s ability to correctly iden-
tify misconceptions is a complex reasoning task andmay not always
be accurate.

The current retrieval-augmented generation setup, while effec-
tive for this study, also presents opportunities for further refinement.
The document analysis phase relies on a fixed-size segmentation
strategy, which may not always preserve the full semantic context
of complex theorems. The retrieval process uses only dense vec-
tor search, which can sometimes struggle with queries containing
specific keywords or technical terms. Finally, the system lacks a
re-ranking mechanism to further refine and diversify the retrieved
documents before generation.

5.4 Ethical Considerations
We designed the system with several ethical considerations in mind
to ensure a safe and responsible learning environment.

• Emotional Handling: The Tutor Agent is explicitly
prompted to respond safely and empathetically when it de-
tects an expression_of_stress intent. It is instructed to
validate the student’s feelings and suggest simple, safe ac-
tions like taking a break, while clearly refraining from offer-
ing any professional psychological advice to ensure student
well-being.

• Knowledge Boundaries: The chatbot is designed to politely
refuse off_topic questions. This mechanism ensures that
the conversation remains focused on the educational context
and prevents exposure to potentially inappropriate content
for a young audience.

• Data Privacy:We use Supabase with row-level security poli-
cies to ensure that each student’s learning profile, which con-
tains information about their academic weaknesses, is kept
strictly private and accessible only to them. All data collected
are anonymized and used solely for research purposes.

6 Conclusion and Future Work
In this paper, we presented an adaptivemulti-agent system formulti-
modal mathematics tutoring. Our empirical study demonstrates a vi-
able architecture that combines a specialized agent framework with
a multi-step RAG process to provide a personalized and curriculum-
aligned learning experience. The positive results from our user
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evaluation confirm the value of a proactive, personalized feedback
loop in an educational AI system.

Future work will focus on several key areas. One priority is to
improve the visual processing capabilities of the system, including
handwriting recognition from student worksheets. Currently, we
will address the limitations of the speech-to-text feature identified
in our evaluation by exploring more robust transcription models or
fine-tuning techniques to improve its accuracy and reliability. We
also aim to expand the knowledge base to other subjects such as
Physics and Chemistry.

Furthermore, we envision evolving our RAG pipeline into a more
advanced reasoning engine. In the initial phase of input handling,
we plan to apply refined segmentation strategies, such as seman-
tic segmentation, to produce logically consistent knowledge units
[20]. To strengthen retrieval robustness, the system will integrate
a hybrid search method combining dense and sparse representa-
tions, followed by an intelligent reranking procedure that considers
both relevance and diversity [10, 21]. Finally, to support extended
dialogues and more intricate problem scenarios, we intend to ex-
amine prompt compression approaches for managing the language
model’s context window more efficiently — an area addressed in
several recent studies on multimodal RAG [12].

Finally, integrating a gamification system informed by user pro-
file data could further increase student engagement. We will also
continue to refine the user evaluation process to gather more com-
prehensive data. Moreover, future evaluations will aim to incor-
porate more objective performance metrics, such as pre-test/post-
test scores and response times, and explore automatic evaluation
pipelines to complement user feedback. We also intend to bench-
mark the system’s performance using different foundational LLMs
to assess the generalizability of our architectural findings.
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