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Abstract

The potential of Large Language Models (LLMs) in educa-
tion is not trivial, but concerns about academic misconduct,
misinformation, and overreliance limit their adoption. To ad-
dress these issues, we introduce MerryQuery, an Al-powered
educational assistant using Retrieval-Augmented Generation
(RAG), to provide contextually relevant, course-specific re-
sponses. MerryQuery features guided dialogues and source
citations to ensure trust and improve student learning. Addi-
tionally, it enables instructors to monitor student interactions,
customize response granularity, and input multimodal materi-
als without compromising data fidelity. By meeting both stu-
dent and instructor needs, MerryQuery offers a responsible
way to integrate LLMs into educational settings.

Tool Prototype — https://mq.benyamintabarsi.com
User Guide — https://exploremq.benyamintabarsi.com

Introduction

Large Language Models’ (LLMs) growing popularity has
undeniably influenced education, although the scope and na-
ture of their impact are under debate. Since LLMs were
not originally developed for educational contexts, they of-
ten lack functionalities critical to learning environments,
such as mechanisms to prevent academic misconduct, mis-
information, and student overreliance. These inherent limi-
tations have led to skepticism and confusion among educa-
tors (Sheard et al. 2024) and students (Zdravkova, Dalipi,
and Ahlgren 2023; Grande, Kiesler, and Francisco R 2024),
hindering LLMs’ integration into educational settings.

To address these challenges, we have developed Merry-
Query, an Al-powered educational platform designed to rec-
oncile the needs of instructors and students. MerryQuery
aims to offer functionalities that position it as a compelling
alternative to widely used tools like ChatGPT. For educa-
tors, it provides access to student interaction logs and control
over the granularity of responses, which facilitates oversight
and alignment with pedagogical objectives. For students, it
offers transparency by citing sources, encouraging critical
thinking, and the verification of information accuracy. Ad-
ditionally, MerryQuery’s step-by-step response scaffolding
mimics the approach human tutors use for complex tasks.
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From a technical standpoint, MerryQuery leverages ad-
vanced Al methodologies such as RAG (Lewis et al. 2020)
to ensure that its responses are not only contextually rele-
vant but also grounded in course materials. Moreover, Mer-
ryQuery’s integration of multimodal data processing allows
the handling of complex learning resources, including docu-
ments with embedded images and tables, avoiding data loss
or misinterpretation issues in LLM-generated content.

Related Work

Parallel to the increasing adoption of LLMs, the number of
Al-driven assistants for academic support is rising too (Lif-
fiton et al. 2023; Liu et al. 2024). Zhong et al. introduced
a RAG-based conversational agent to enhance collabora-
tive problem-solving, which improved individual and group
academic performance but had limited impact on foster-
ing originality, possibly due to overreliance (Zhong et al.
2024). Kazemitabaar et al. developed CodeAid, an LLM-
based programming assistant that provides conceptual sup-
port and code annotation without giving direct solutions. De-
spite achieving a high correctness and helpfulness rate, it
struggled with complex tasks (Kazemitabaar et al. 2024).

While MerryQuery integrates several functionalities
found in these tools, it offers features that are either ab-
sent in the existing literature or rarely found in combination.
This includes support for courses beyond programming, cus-
tomizable response granularity, source citation, an intuitive
interface, a comprehensive logging system for researchers,
and chat history access for instructors.

System Description

This section describes the components and architecture of
MerryQuery. A high-level pipeline of MerryQuery is pre-
sented in Figure 2. The system uses OpenAl’s API for natu-
ral language generation and LangChain to implement RAG.
MongoDB stores interaction logs, document embeddings,
and course data, and React.js creates a responsive and user-
friendly front-end interface. Currently, MerryQuery operates
on GPT-4o0 for generating responses.

Source Citation. MerryQuery leverages a RAG model to
generate responses with relevant course material citations,
as demonstrated in Figure 1b, highlighted by the blue box.
This allows students to verify information, improving trans-
parency and trustworthiness.
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Figure 1: User Interface for Key Features of MerryQuery
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Figure 2: Pipeline of LLM-Powered Trustworthy Agents

Granularity Control: This feature, implemented through
prompt engineering, allows instructors to adjust the level
of assistance based on the course policy and timeline. As
shown in Figure 1a, this feature offers two modes:

* Practice Mode: This mode supports scaffolded learn-
ing, providing hints and guidance without final answers.
It encourages critical thinking and independent problem-
solving, ideal during regular coursework.

* Review Mode: Designed for periods closer to deadlines
or exams, this mode provides complete solutions with
comprehensive, step-by-step explanations. It supports ef-
ficient review of materials when time is limited.

Guided Learning Dialogue Design. MerryQuery’s con-
versation context, regardless of the mode in use, empha-
sizes step-by-step structure in responses to support problem-
solving without undermining critical thinking. Figure 1b,
highlighted by the red box, demonstrates this approach in
practice mode, where the complete solution is withheld.

Chat History Monitoring. MerryQuery’s chat logging
system stores each student-Al interaction in MongoDB with
a timestamp. These logs are accessible through the instructor

interface, allowing them to review student queries, as illus-
trated in Figure 1c highlighted by the red box.

Usage Statistics. The platform also presents each
course’s real-time statistics, which are highlighted by a blue
box in Figure lc. This can help instructors monitor the fre-
quency of conversations initiated in courses they offer.

Multimodal Data Processing. MerryQuery’s current
pipeline processes complex PDFs containing text, tables,
and images. It first repairs PDFs using a custom function
that applies garbage collection, compression, and cleanup
techniques to ensure the files are properly formatted. Text
is extracted using text mining techniques, while images are
handled by a multi-step OCR pipeline. This includes im-
age binarization, morphological transformations, and text
extraction via Tesseract. The system then embeds both the
extracted text and OCR-processed image data into a vector-
ized database to be retrieved through the RAG model.

Memory Mechanism for Coherent Conversations. As
OpenAI’s API is stateless, MerryQuery implements a cus-
tom memory mechanism to maintain context across a con-
versation. This mechanism identifies and retains relevant
past interactions, ensuring a coherent conversation flow.

All of these features have been fully implemented and
are under testing and improvement. Our initial results show
that, except for minor refinements, the system performs ef-
fectively in providing accurate, course-specific assistance.
Additional functionalities, such as automated grading, rein-
forcement learning from human feedback (RLHF), a com-
prehensive logging system for researchers, and personalized
learning and teaching strategy generation, are under devel-
opment and are expected to be integrated into MerryQuery
within the next two months.

Bridging Disciplines for Advancing Learning

MerryQuery demonstrates how bridging traditionally sep-
arate disciplines can lead to meaningful advancements in
everyday human experiences. By integrating LLMs, edu-
cational practices, and human-Al interaction, MerryQuery
showcases the potential of interdisciplinary collaboration to
build trust and enhance educational experiences for both stu-
dents and educators. As further research is conducted, we
plan to make MerryQuery publicly available to facilitate col-
laboration within the educational and research communities
to gather feedback and continue refining its impact.
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