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Abstract

This paper presents a scalable and low-cost Retrieval Augmented Generation (RAG) architecture
designed to enhance learning in university-level courses, with a particular focus on supporting students
from economically disadvantaged backgrounds. Recent advances in large language models (LLMs)
have demonstrated considerable potential in educational contexts; however, their adoption is often
limited by computational costs and the need for stable broadband access, issues that disproportionately
affect low-income learners. To address this challenge, we propose a lightweight, mobile, and friendly
RAG system that integrates the LLaMA language model with the Milvus vector database, enabling
efficient on device retrieval and context-grounded generation using only modest hardware resources.
The system was implemented in a university-level Data Mining course and evaluated over four
semesters using a quasi-experimental design with randomized assignment to experimental and control
groups. Students in the experimental group had voluntary access to the RAG assistant, while the
control group followed the same instructional schedule without exposure to the tool. Results show
statistically significant improvements in academic performance for the experimental group, with p
< 0.01 in the first semester and p < 0.001 in the subsequent three semesters. Effect sizes, measured
using Hedges g to account for small cohort sizes, increased from 0.56 (moderate) to 1.52 (extremely
large), demonstrating a clear and growing pedagogical impact over time. Qualitative feedback
further indicates increased learner autonomy, confidence, and engagement. These findings highlight
the potential of mobile RAG architectures to deliver equitable, high-quality Al support to students
regardless of socioeconomic status. The proposed solution offers a practical engineering pathway for
institutions seeking inclusive, scalable, and resource-efficient approaches to Al-enhanced education.

Keywords: retrieval augmented generation systems; large language models; vector databases; mobile
learning; low-cost Al systems; engineering education; educational technology; learning analytics;
accessibility in education

1. Introduction

Due the rapid evolution of digital learning technologies, a persistent digital divide continues
to affect students from low-income backgrounds, who often lack access to personal computers or
stable broadband connectivity. UNESCO reports that socioeconomic disparities significantly limit
students’ ability to benefit from digital educational resources, particularly in regions where household
device ownership remains uneven [1]. Nevertheless, global mobile statistics indicate that over
75% of learners in low-resource contexts own or share access to a smartphone, making mobile-first
educational solutions a viable and equitable strategy for reducing digital exclusion [2,3]. Designing
a RAG-based learning assistant that is lightweight, low-cost, and optimized for mobile deployment
therefore addresses an urgent need: enabling students with limited technological means to access
Al-augmented academic support without requiring high-end hardware or continuous cloud access.

The rapid advancement of artificial intelligence (AI) has opened new possibilities for enhanc-
ing teaching and learning processes in higher education [4]. Beyond automation and analytics, Al
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technologies are reshaping how students interact with educational content, promoting adaptive, per-
sonalized, and self-regulated learning experiences [5,6]. Among these emerging technologies, Retrieval
Augmented Generation systems, which combine large language models with vector databases, have
shown potential to bridge the gap between static instructional materials and dynamic, context-aware
support for learners [7,8].

In traditional classroom settings, students often face challenges when attempting to connect
lecture materials, practice exercises, and theoretical foundations. This difficulty is especially evident
in technically complex courses, such as Data Mining in our case, where conceptual comprehension,
programming, and algorithmic application must coexist. By integrating a RAG-based assistant capable
of retrieving, contextualizing, and generating relevant information from lecture slides, study guides,
and recorded sessions, it becomes possible to reinforce students’ ability to explore and internalize
course knowledge more effectively [9,10].

Recent advances in LLM architectures, such as LLaMA and GPT-based models, coupled with
open source vector databases like Milvus, have facilitated the practical deployment of RAG systems
in educational environments [11,12]. Such systems retrieve semantically relevant course segments
and synthesize explanations contextualized to the specific academic content, offering individualized
learning support and increasing accessibility [10,13].

This work presents the implementation and evaluation of an Al-augmented pedagogical system
designed to support learning in a university-level Data Mining course. The proposed system integrates
the LLaMA large language model with Milvus, an open-source vector database, to create a RAG
architecture tailored to course-specific instructional content. Over four academic semesters, the system
was deployed for an experimental student group, while a control group continued using traditional
materials under identical instructional conditions.

Results demonstrated a consistent and statistically significant improvement in the academic
performance of students who voluntarily engaged with the RAG system, suggesting that sustained
exposure to Al-enhanced environments contributes to deeper conceptual mastery [14-17].

The remainder of this paper is organized as follows: Section 2 provides the theoretical background
on RAG systems and discusses related studies; Section 3 details the research methodology, including
system architecture and experimental design; Section 4 presents and interprets the empirical findings;
and Section 5 concludes with pedagogical implications and recommendations for future research.

2. Background
2.1. The Emergence of Retrieval-Augmented Generation

Recent progress in LLMs has enabled remarkable natural-language reasoning and generative
capabilities; however, these models still exhibit factual inaccuracies and limited domain adaptability.
RAG has emerged as a hybrid paradigm that combines information retrieval with generative modeling
to address these limitations [7,18].

In RAG architectures, a user’s query is converted into an embedding vector, which is matched
against a pre-indexed corpus stored in a vector database. The retrieved segments are concatenated
with the prompt before being processed by the LLM, producing a grounded response that leverages
both parametric and external knowledge [8]. This mechanism has gained attention across domains
such as biomedical question answering, customer support, and education, due to its ability to deliver
context-aware and content-validated explanations [10].

2.2. Vector Databases and Semantic Retrieval

Unlike traditional keyword search systems, vector databases store dense numerical representa-
tions of documents that capture semantic similarity rather than lexical overlap. This property allows
a RAG system to retrieve conceptually related materials even when phrased differently by learners
[12]. Modern solutions such as Milvus [11] and Weaviate support high-dimensional approximate
nearest-neighbour search, scalable indexing, and metadata filtering, all crucial for educational deploy-
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ments requiring low latency and continual updates. The choice of vector database and embedding
model strongly influences retrieval accuracy, which in turn affects the pedagogical value of generated
responses [15]. Empirical research has confirmed that semantic retrieval combined with course-specific
corpora enhances both factual precision and student trust in Al explanations [17] [19].

2.3. Applications of RAG in Education

Within educational contexts, RAG systems are being explored as intelligent tutors, automated
feedback agents, and personalized study companions [20]. A recent systematic review in Computers
& Education concluded that retrieval-augmented LLMs improved factual accuracy and contextual
relevance of feedback in higher-education settings [8]. In [17] demonstrated that combining in-context
learning with retrieval augmentation yielded higher-quality automatically generated questions aligned
with curriculum objectives. Other works, such as TutorLLM [10], highlight how integrating RAG with
knowledge-tracing algorithms allows the generation of adaptive learning recommendations based
on individual student histories. For technically demanding subjects like Data Mining, such systems
can alleviate the cognitive burden of connecting theoretical concepts, programming, and algorithmic
applications. According to [21] enabling students to query lecture slides, practical guides, and recorded
sessions through a RAG interface, instructors extend the learning process beyond scheduled class time,
supporting self-regulated and inquiry-based learning.

Although RAG systems show promise, their adoption is often constrained by socioeconomic and
technological disparities among students. UNESCO reports that learners from low-income households
frequently lack access to personal computers or reliable broadband, limiting their ability to use
conventional digital learning tools [22]. However, global analyses by the GSMA and Pew Research
Center indicate that smartphone ownership is significantly higher than computer ownership, even in
underserved populations, with mobile devices serving as the primary internet access point for millions
of students worldwide [2,3]. These findings underscore the necessity of designing RAG systems that
are lightweight, mobile-compatible, and low-cost, ensuring equitable access to Al-augmented learning
support regardless of economic background.

2.4. Pedagogical Implications

The introduction of RAG into instructional practice represents a shift toward Al-augmented peda-
gogy, where human teaching is complemented (rather than replaced) by intelligent digital scaffolds
[14] [23]. In this paradigm, the instructor remains the epistemic authority, while the RAG system facili-
tates exploration, reflection, and immediate clarification. This aligns closely with constructivist and
connectivist learning theories that emphasize active engagement and personalized meaning-making
[24]. The integration of RAG also enhances feedback immediacy, a factor strongly correlated with
learning retention and motivation [9]. When students receive contextualized responses directly drawn
from validated instructional resources, their confidence in self-study improves, contributing to a cycle
of reinforcement and deeper understanding [25].

2.5. Challenges and Ethical Considerations

Due these benefits, there are open challenges. Retrieval accuracy depends heavily on corpus
quality; poorly chunked or outdated materials can produce misleading responses. Moreover, while
RAG reduces hallucination frequency, LLMs may still generate plausible yet incorrect information [26].
Maintaining transparency, updating content regularly, and establishing institutional policies for Al use
are critical to ensuring trustworthiness in educational applications [27].

Ethical issues such as intellectual property rights over indexed materials and the preservation
of student privacy during interaction logging must also be addressed [28]. Ensuring that Al systems
operate within institutional and legal boundaries is essential for their adoption in higher education.
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2.6. Relevance to the Present Study

The present research builds on this growing body of work by evaluating a RAG-based assistant
specifically designed for a university-level Data Mining course. By combining Milvus for semantic re-
trieval and LLaMA for generative synthesis, the system indexes authentic instructional content—slides,
practice guides, and recorded lectures—to deliver targeted, contextually grounded feedback. The
experimental results, analyzed over four semesters, provide empirical evidence of how sustained expo-
sure to Al-augmented learning environments can strengthen academic performance, complementing
existing literature that has so far been largely exploratory or short-term in scope [7,8,21].

3. Materials and Methods
3.1. Research Design and Objectives

This research employed a quasi-experimental longitudinal design to evaluate the pedagogical
effect of a RAG system in higher education. The primary objective was to determine whether sustained
exposure to an Al-augmented learning assistant improves academic performance and conceptual
understanding in a Data Mining course.

Two student groups were compared across four consecutive semesters:

¢  Experimental group: students who had voluntary access to the RAG-based assistant.
e Control group: students following the same curriculum and instructor but unaware of the RAG
system.

Groups were randomly formed at enrollment to ensure comparable baseline abilities. The instruc-
tor, learning materials, and assessment methods were identical, isolating the RAG assistant as the only
differentiating variable.

3.2. System Architecture Overview

The proposed RAG-based assistant was designed to prioritize low-cost deployment and mobile
accessibility. As illustrated in Figure 1, the system follows a modular open-source architecture that
decouples user interaction, retrieval, and generation into lightweight and scalable components. The
architecture is organized around two primary layers:

1.  Mobile Application Layer: This layer provides the user interface through which students interact
with the system using their smartphones. The mobile application handles query submission,
session management, and response visualization. Depending on device capabilities and connec-
tivity conditions, the generative component based on the LLaMA large language model may
execute either locally on the device (via optimized and quantized inference) or remotely through
the backend services. This design enables flexible deployment across heterogeneous mobile
hardware while maintaining low computational overhead.

2. Low-Cost Backend Layer: This layer hosts the retrieval and orchestration services. Course
materials, including lecture slides, study guides, and transcripts of recorded sessions, are pre-
processed, embedded, and indexed in Milvus, an open-source vector database that supports
high-dimensional semantic search and efficient approximate nearest-neighbor retrieval. Upon
receiving a student query, the backend computes the corresponding embedding, retrieves the
most relevant content segments from Milvus, and constructs an augmented prompt that is subse-
quently passed to the generative model. This separation of concerns allows the system to scale
efficiently while keeping infrastructure costs minimal.

By transferring vector storage and retrieval operations to a centralized backend while enabling
mobile-friendly interaction and optional on-device inference, the proposed architecture achieves a
balanced trade-off between performance, accessibility, and cost. This design is particularly suitable
for educational contexts with limited computational resources, where students primarily rely on
smartphones as their main access point to digital learning environments.
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Figure 1. Architecture of the RAG-based learning assistant.

3.3. RAG System Workflow and Processing Pipeline

The proposed RAG system follows a structured processing pipeline composed of five sequential
stages (Figure 2), designed to ensure efficient retrieval, contextual grounding, and low computa-
tional overhead. This modular workflow supports scalability and facilitates deployment in resource-
constrained environments.
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| \ /
Query Remeva\—*

L@\ — 0

™ Prompt arkar
7 template model
p . pt [ Answer this "query” ,
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Figure 2. RAG System workflow.

1.  Preprocessing and Indexing: Instructional materials (including lecture slides, practice guides,
and transcripts of recorded sessions) were segmented into fixed-length chunks of 512 tokens.
Each segment was transformed into a dense vector representation using Sentence-Transformers.
To support traceability and contextual filtering, metadata such as topic, session date, and source
document were associated with each chunk.

2. Vector Storage: The resulting embeddings were indexed in Milvus using Hierarchical Navigable
Small World (HNSW) graphs, enabling efficient approximate nearest-neighbor search over high-
dimensional vector spaces. This indexing strategy provides a favorable trade-off between retrieval
accuracy and latency, which is critical for real-time educational interactions.

3. Retrieval Phase: When a student submits a query through the mobile application, the query
is embedded using the same encoder and compared against the indexed vectors stored in
Milvus. The system retrieves the top-k most semantically similar content segments, ensuring that
subsequent generation is grounded in course-specific and instructor-validated materials.

4. Augmentation and Generation: The retrieved content segments are concatenated with the
original user query to form an augmented prompt. This prompt is then passed to the LLaMA
large language model, which generates a response conditioned on both the query and the retrieved
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context. This retrieval augmented approach reduces hallucination and improves alignment with
the instructional corpus.

5. Interface Layer: The generated response is returned to the user through a lightweight web
interface implemented using Flask and Streamlit. The interface provides a chat-style interaction
within the existing learning platform, supporting session continuity and facilitating seamless
integration into the students’ regular study workflow.

3.4. Data Collection and Implementation Phases
The system was deployed across four academic semesters. Data collected included:

¢ Usage metrics: number of accesses per student, average queries, and session duration.

¢ Academic performance: normalized grades on a 0-1 scale from assignments and exams.

¢ Qualitative feedback: voluntary student comments regarding perceived usefulness and ease of
use.

Access to the RAG application was restricted to students in the experimental group; however, its
use was entirely voluntary, allowing participants to decide whether and how frequently to engage
with the system without any academic obligation or penalty.

System logs indicated progressive adoption, with mean usage increasing from 11.7 to 32.8 accesses
per student between the first and fourth semesters.

3.5. Experimental Procedure
To ensure validity and reliability:

¢  The same instructor conducted all sessions across semesters.
¢  Identical assessments (projects, exams, rubrics) were used for both groups.
*  No communication occurred between experimental and control cohorts.

At the end of each semester, grades were normalized and analyzed using an independent-samples
t-test to evaluate mean differences between groups. Since grade distributions were approximately
normal with slight left skewness, this test was appropriate. Additionally, Hedges g was calculated to
measure effect size, which provides a bias-corrected estimate suitable for small sample sizes. Given
the relatively small cohort sizes in each semester, Hedges g was selected over Cohen’s d to reduce bias
in the estimation of effect magnitude.

Hy: pE =uC vs. Hy : uE > puC

Across the four semesters, statistically significant improvements were observed for the experimental
group, with p < 0.01 in the first semester and p < 0.001 in the subsequent three semesters. Hedges
g increased from 0.56 (moderate) in the first semester to 1.52 (extremely large) in the final semester,
indicating a steadily growing magnitude of improvement over time. This corrected effect size measure
is appropriate for small cohorts and provides a more accurate estimate of the true educational impact
of the RAG system.

3.6. Ethical Considerations

All procedures complied with institutional ethics guidelines. Participation in system use was
optional, and data were analyzed in aggregated form only. The indexed corpus included exclusively
instructor-generated content, ensuring adherence to copyright and privacy regulations.

3.7. Methodological Limitations
While rigorous, the methodology has limitations:

*  Uneven engagement: Not all experimental students interacted equally with the RAG system;
higher users tended to exhibit stronger gains.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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e  Simulated data approximation: The lack of individual-grade access introduces small estimation
uncertainties.

®  Scope restriction: The study focuses on a single technical course; broader disciplinary replication
is needed.

Nevertheless, the controlled design, four-semester span, and consistent statistical outcomes
collectively strengthen confidence in the pedagogical effectiveness of the RAG system.

4. Results
4.1. Overview of the Analysis

The evaluation of the RAG-based assistant focused on identifying significant differences in student
performance between the experimental group (with access to the RAG system) and the control group
(traditional learning only). Across four academic semesters, the same instructor and assessment
framework were maintained to ensure pedagogical consistency. Data analysis included descriptive
statistics, t-tests for mean comparisons, and calculation of Hedges g to estimate effect size.

4.2. Descriptive Results

Table 1 summarizes the average normalized grades and standard deviations for both groups
across the four semesters.

Table 1. Comparison of Control and Experimental Groups by Semester Using Hedges g.

Sem. Group N Mean SD t-value p-value Hedgesg  Interpretation

I Control 15 0.64 0.11 - - - -
Experimental 15 0.70 0.10 3.12 < 0.01 0.56 Moderate

11 Control 14 0.63 0.12 - - - -
Experimental 13 0.73 0.11 5.01 < 0.001 0.84 Large

III Control 17 0.65 0.10 - - - -
Experimental 16 0.78 0.09 6.14 < 0.001 1.33 Very Large

v Control 19 0.66 0.11 - - - -
Experimental 18 0.82 0.09 7.28 < 0.001 1.52 Extremely

Large

The results show a clear upward trend in both mean scores and effect sizes. The progressive
increase in Hedges g from 0.56 (moderate) in the first semester to 1.52 (extremely large) in the final
semester indicates that prolonged exposure to the RAG assistant led to cumulative cognitive gains
over time. Because Hedges g provides a bias-corrected estimate appropriate for small cohorts, these
findings offer strong evidence that sustained interaction with the system meaningfully enhanced
students’ learning outcomes, consistent with theories of self-regulated and inquiry-based learning
supported by intelligent tutoring systems.

4.3. Statistical Significance and Learning Gains

Figure 3 illustrates the mean grade progression for both groups. The experimental group consis-
tently outperformed the control group across all four semesters. The improvement was statistically
significant in every semester, with p < 0.01 in the first semester and p < 0.001 in the subsequent three
semesters. This confirms that interaction with the RAG assistant had a measurable positive effect on
student achievement.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Average Grades per Semester
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Figure 3. Comparison of mean grades between control and experimental groups over four semesters.

The largest improvements were observed from Semester IV onward, which coincides with in-
creased student familiarity and engagement with the tool. This trend aligns with the "learning curve"
effect, where repeated exposure to adaptive learning technologies enhances knowledge retention and
transfer [25].

4.4. Usage Patterns and Engagement

To better understand the relationship between RAG system usage and academic improvement,
system log data were analyzed. Figure 4 depicts the average number of interactions per student across

semesters.
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Figure 4. Average number of RAG interactions per student.

Increased usage corresponded with higher performance, reinforcing the hypothesis that active
engagement with Al-supported resources fosters deeper learning. This finding echoes prior research
indicating that retrieval-based and feedback-oriented systems enhance conceptual retention and
motivation [9,29].
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4.5. Qualitative Findings
Open-ended student feedback provided additional insights:

e  Students reported greater confidence in tackling algorithmic problems independently.

e The contextual responses helped them connect theoretical concepts with practical exercises and
programming.

*  Many described the system as "a second instructor always available", highlighting perceived
accessibility benefits.

These qualitative trends underscore the system’s role not only as an informational tool but also
as a cognitive scaffold, enhancing autonomy and reducing dependence on synchronous instructor
support.

5. Discussion

The findings of this study carry important implications for addressing the digital divide in higher
education. Students from low-income households often lack personal computers or stable broadband
access, limiting their ability to benefit from existing Al-powered learning tools. However, global
data from UNESCO, GSMA, and the Pew Research Center indicate that smartphone ownership is
significantly more widespread than computer ownership among economically disadvantaged learners,
making mobile devices the primary gateway to digital learning for millions of students. By designing
a lightweight RAG architecture capable of running efficiently on mobile devices, this work offers a
practical and inclusive engineering response to these structural inequities. The system’s ability to
provide high-quality, curriculum-aligned support without requiring high-end hardware demonstrates
how Al-based educational technologies can be reimagined to promote fairness, broaden access, and
empower students who are traditionally underserved by conventional digital infrastructures.

The quantitative and qualitative results converge on a consistent conclusion: RAG-based systems
can substantially improve academic performance and engagement when integrated responsibly into
formal instruction.

The use of Hedges g provides a more accurate estimate of effect size for small cohorts, strengthen-
ing the validity of the observed longitudinal gains.

Unlike generic LLM chatbots, the system evaluated here provided course-specific, context-
grounded responses using verified instructional content indexed through Milvus, which increased
trust and learning reliability.

The progressive improvement across semesters supports the argument that sustained exposure
to Al-augmented environments cultivates self-regulation and metacognitive growth. These findings
align with previous literature demonstrating that retrieval-based learning aids, when embedded in
authentic educational contexts, can produce long-term positive learning outcomes [9,29].

However, the success of such implementations depends heavily on instructor oversight, high-
quality content curation, and ongoing evaluation of Al-generated explanations to prevent conceptual
drift or misinformation. Addressing these elements is essential for maintaining academic integrity in
Al-supported education.

6. Conclusions

This study evaluated a scalable and low-cost RAG architecture designed to support students
in an engineering course, with particular attention to learners from economically disadvantaged
backgrounds. Across four semesters, students who used the mobile-compatible RAG assistant consis-
tently achieved higher academic performance than those in the control group. Statistically significant
improvements were observed in every semester, with p < 0.01 in the first semester and p < 0.001 in
the subsequent three semesters. Effect sizes, measured using Hedges g, increased from moderate
to extremely large, indicating a growing educational impact over time. These results confirm that
sustained exposure to a context-grounded, Al-assisted learning environment can enhance conceptual
understanding, strengthen self-regulated learning, and improve overall academic outcomes.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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The mobile-first design of the proposed RAG system represents a relevant engineering contri-
bution for institutions seeking equitable access to advanced educational technologies. By reducing
computational demands and enabling on-device execution, the system overcomes key barriers as-
sociated with traditional Al-based tools that rely on high-performance hardware or costly cloud
infrastructures. In doing so, it broadens participation in Al-enhanced learning and supports students
who are disproportionately affected by the digital divide.

In addition, our study evaluated the pedagogical effectiveness of a RAG system in higher educa-
tion through a four-semester quasi-experimental design. The system, which integrated the LLaMA
large language model with the Milvus vector database, was applied to a university-level Data Mining
course and compared against a control group under identical instructional conditions.

These findings provide empirical evidence that sustained exposure to Al-augmented learning
environments enhances conceptual understanding, engagement, and learner autonomy. Such improve-
ments are consistent with recent studies showing that retrieval-based educational systems can reduce
cognitive load, promote self-regulated learning, and increase factual accuracy [7,9].

From a pedagogical perspective, this work illustrates that RAG systems can act as scalable
cognitive scaffolds, extending instructional presence beyond classroom hours while maintaining
epistemic alignment with validated materials. By grounding the model’s generative reasoning in the
instructor’s own content, the system preserved academic integrity and avoided the unreliable behavior
observed in generic conversational Al models.

Nevertheless, successful implementation of RAG in formal education requires institutional com-
mitment to quality assurance, ethical oversight, and instructor participation. Content must be periodi-
cally updated, retrieval pipelines audited for relevance, and student interaction monitored to ensure
responsible use. Ethical considerations related to data privacy and intellectual property also remain
essential in the deployment of Al-driven tools in higher education [30].

6.1. Future Work
Future research should address three main directions:

®  Cross-disciplinary validation: applying the system to humanities, social sciences, and engineering
courses to evaluate generalizability.

e  Adaptive personalization: integrating analytics to dynamically adjust retrieval granularity and
feedback depth based on student progress.

e  Explainability and trust: developing transparent mechanisms that help students understand why
certain answers were retrieved and generated, thus improving trust and accountability.

By combining RAG architectures with pedagogical theory, this research contributes to the foun-
dation of Al-augmented pedagogy, an emerging paradigm where retrieval, reasoning, and human
instruction coexist to create adaptive, equitable, and context-aware learning experiences for the next
generation of university students.
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