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Abstract

This thesis presents the design and implementation of TeachBot, an AI-powered teaching as-
sistant built upon the Retrieval-Augmented Generation (RAG) architecture. The system enables
university students to interact intelligently with their course materials lecture notes, textbooks, and
PDF documents through three core functionalities: context-aware question answering with source
citations, automatic document summarization, and interactive quiz generation (multiple-choice and
short-answer).

The proposed architecture combines a local large language model (TinyLlama 1.1B, served via
Ollama) with a ChromaDB vector database indexed using the all-MiniLM-L6-v2 sentence embedding
model. A FastAPI backend manages the retrieval pipeline and exposes seven REST endpoints,
while a React/Vite frontend provides an intuitive web interface. The entire system is containerized
using Docker Compose, enabling reproducible, dependency-free deployment on commodity hardware
without reliance on cloud services.

Experimental evaluation conducted on three computer science course PDFs totaling 103 pages
and 103 indexed chunks demonstrates that TeachBot achieves 100% response faithfulness to course
content, 100% source citation rate (document name and page number), and an average question-
answering latency of 25–40 seconds on Intel CPU hardware. The system operates fully offline, ad-
dressing critical concerns of data privacy and infrastructure cost in educational settings, particularly
relevant for universities in southern Algeria.

اৎ৊أݞز اܳٺިܳ٭ڎ ྲྀྡྷ٭۰ আॻ༟ มฃو݁ٴ ሒᇼ؇ݬޚٷ৖৑ا ً؇Ⴄ၍ᄳᄟء ݁ڎ؜ިم ّأܹ٭݄޶ ݁ފ؇༟ڎ و۱ި ،TeachBot و਍ಾڰ٭ڍ ّݱ݄ࡗࡲ ۰༡ޗݠو৙৑ا ۱ڍه ّگڎم
وܹ݁ڰ؇ت اৎ৊ڎرݿ٭۰، اܳـܝٺص ا๤ཚ؇௱௯௫ات، ݁ټܭ — اᄴᄟراݿ٭۰ ܾዛኤ݁گݠرا ؕ݁ ሒᆞᄳᄟا اܳٺڰ؇༟ܭ اࠍ੊؇݁أ۰ ܳޚܹٴ۰ اܳٷޙ؇م ཯ྥ٭ں (RAG). ً؇৖৑ݿ༥ଫଐ؇ع
గጻዧފྥٷڎات، ሒᆶ؇اܳٺܹگ اܳٺܹۛ٭ݧ اৎ৊ݱ؇در، ਃುިّݑ ؕ݁ اܳފ٭؇ق ሌᇿإ اৎ৊ފྥٷڎة ᄭᄥ٪ݿ৙৑ا আॻ༟ ۰ً؇༥৕৑ا أݿ؇ݿ٭۰: وޖ؇فژ ఈఃٔث ఈః༠ل ݆݁ — PDF

ڢݱଫଃة). إ༥؇ً؇ت ذات ᄭᄥ٪وأݿ ا৖৑ۊٺ٭؇رات ݁ٺأڎدة ᄭᄥ٪أݿ) ఈዳዧۊٺٴ؇رات ঌॻ༟؇اܳٺڰ واܳٺިܳ٭ڎ
݁ڰ۳ݠݿ۰ ChromaDB ݁ٺ۰۳۠ ਃಸ؇َ؇ت وڢ؇༟ڎة Ollama ଫଊ༟ ᄩᄥ؞٭૰૜ لࡤࡲ Phi-3 -Mini ঌॻො੼ ଫଃ܋ٴ ܳ؞ިي ஓ஁ިذج ඔ൹ً ۰༡ଫଐگৎ৊ا اܳٴྡྷ٭۰ ؕᆇ໶໢
ዛኡ؇ل۰ َگ؇ط ݿٴؕ وّިڣݠ ا৖৑ݿ༥ଫଐ؇ع أَ؇྘ྲྀص ۊޔ اࠍ੅ܹڰ٭۰ FastAPI واۏ۰۳ ࣁࣖߌߵ all-MiniLM-L6-v2. ا৵৩ৠܭ ඔ൹ّ݄ݯ ஓ஁ިذج ً؇ݿٺ༱ڎام
ل؇ت ༡؇و دا༠ܭ ۬დაႰ؊ً اܳٷޙ؇م وݪؕ ቕቆ ا৖৑ݿٺ༱ڎام. ᄭᄥዝང ೞಱو واۏ۰۳ ا৙৑݁؇݁٭۰ React/Vite واۏ۰۳ ّިڣݠ ྘ྲྀٷ݄؇ endpoints REST ߓߵ෠੼٭۰
اࠍ੅ڎ݁؇ت আॻ༟ ا৖৑؜ٺ݄؇د دون اܳأ؇دل۰ ا৙৑ۏ۳ݞة আॻ༟ اܳٺٴأ٭؇ت ݆݁ و༠؇لٍ ይዧٺଲ୍ار ڢ؇ًܭ ๤དྷྡྷྲྀ ૭૏݄ں ؇ᆙᆘ Compose، Docker ً؇ݿٺ༱ڎام

.۰ਃಸ؇༲اܳފ
݁ڰ۳ݠݿ۰) ڢޚأ۰ و103 ۰༲ݬڰ 103 ሒᇿ؇ᆇᅹ؆࿓) اᆇᅀܳٴ٭ިߙߵ ༟ߺࠊم ሒᇭ ৎ৊گݠات PDF ܹ݁ڰ؇ت ۰ٔఈఃٔ আॻ༟ أරජ֡ي اᄳᄟي ॷॖदاܳٺ۠ݠ اܳٺگ٭ࡗࡲ أޖ۳ݠ
ورڢܾ اৎ৊ފྥٷڎ ྾ངا) اৎ৊ݱ؇در ਃುިّݑ ݁أڎل ሒᇭ 100% و૭૙ٴ۰ ،๴ངراᄴᄟا గጻዧۜٺިى ۰ً؇༶ݿٺ৖৑ا ሒᇭ 100% ྲྀྡྷފٴ۰ ݁ިٔިڢ٭۰ ොຬگݑ TeachBot أن
೑಻ଫଐَ৕৑؇ً اّݱ؇ل دون اܳٷޙ؇م لأ݄ܭ CPU. Intel ݁أ؇ࠍ੊؇ت আॻ༟ ۰ਃ಻؇ٔ و40 25 ඔ൹ً لଫଐاوح ۰ً؇༥ఇዳዧ ۰ً؇༶اݿٺ ز݆݁ و݁ٺިݿޔ ،(۰༲اܳݱڰ
ሒᇭ ࠯࠵࠾؇݁أ؇ت ً؇ܳ؞۰ أᆇᆅ٭۰ ذو ਵਦأ و۱ި اܳٺأܹ٭݄٭۰، اܳٴ྘٪؇ت ሒᇭ اܳٺۜٺ٭۰ اܳٴྡྷ٭۰ وၯၽّڰ۰ اܳٴ٭؇َ؇ت ෛຳݱިݬ٭۰ اৎ৊ٺأܹگ۰ ۰༥ݠ੆اࠍ ا௰௯௫؇وف ဪلأ؇ࠍ ؇ᆙᆘ ،؇ً݁؇ஓ஄

اࠍ੊ݞا߉ߵي. اࠍ੊ٷިب
Key words: Retrieval-Augmented Generation, RAG, Large Language Models, Teaching Assis-

tant, ChromaDB, Vector Database, Natural Language Processing, Educational AI, Ollama.
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Chapter 1. General Introduction

1.1 Context

In the era of the Fourth Industrial Revolution, artificial intelligence has changed from a research
curiosity into a practical tool that transforms almost every part of human activity. One of the most
significant recent developments is Large Language Models (LLMs). These are deep neural networks
trained on vast amounts of text that show remarkable abilities in understanding and generating
natural language . Systems like GPT-4, LLaMA, and Mistral have shown that machines can now
hold coherent conversations, summarize complex documents, answer detailed questions, and produce
educational content at the highest levels.

In higher education, this technology creates new opportunities to tackle longstanding teaching
challenges. Today’s students deal with a growing amount of varied course materials, including lecture
notes, textbooks, research papers, and slides. They often have to process these materials on their
own, typically without enough support outside formal class hours. This issue is especially noticeable
in remote universities, like those in southern Algeria, where access to tutors, library resources, and
digital infrastructure can be limited.

However, using LLMs in educational settings comes with major challenges. General-purpose
language models, trained on large internet datasets, often lack specific knowledge about a particular
course content. They can give plausible-sounding but factually incorrect answers, a problem known
as hallucination. Additionally, sending sensitive academic documents to cloud-based AI services
raises serious concerns about data privacy. Relying on paid APIs also creates financial barriers that
may struggle to overcome.

One might think that training a language model on course-specific materials would solve these
problems. If you teach the model directly using the content it needs to know, it should be able to
answer questions about it correctly, right? In practice, it is not that simple. Fine-tuning changes
the model’s internal weights to focus on certain types of knowledge, but it does not ensure that the
model will stop making mistakes. Changes only what the model is more likely to say, not whether
its responses are true. A fine-tuned model can still give confident, fluent, and completely wrong
answers, especially when a question includes details that were not well represented in the training
data or are phrased differently from the examples encountered during fine-tuning. In addition to the
issue of reliability, fine-tuning is costly in terms of both time and resources. It requires gathering and
organizing a high-quality dataset of question-answer pairs from the course material, running several
training cycles to find the right settings, and then repeating this entire process every time the course
content changes. A new semester, a new version of the lecture notes, or a new textbook chapter each
necessitates a new fine-tuning run. In a university setting, especially in institutions with limited
GPU infrastructure, such as those in southern Algeria, this ongoing computational burden is simply
not feasible. Fine-tuning is not a one-time effort; it becomes a maintenance challenge that increases
with the variety and frequency of content updates.

Retrieval-Augmented Generation (RAG) is a method that addresses these limitations [2]. By
grounding the model’s responses in a context that is built dynamically from a verified document
collection, RAG can provide accurate, reliable, and traceable answers without needing the model to
remember all the information during training.

U.C. Illizi 2026 9
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1.2 Problematic
The central problem addressed by this work can be stated as follows:

The main issue this work addresses is: How can we create an intelligent teaching assistant that
gives university students accurate, source-based, and relevant answers from their course materials
while working ?

This issue breaks down into five specific research questions:
1. How can we effectively index diverse PDF course documents for quick semantic retrieval?

2. How can we make sure that the system’s responses are directly based on course content and
not made up?

3. How can we generate automatic summaries and quiz questions from the indexed materials?

4. How can we deploy the system as a portable, easy-to-use application that needs no setup
expertise?

5. How does the system perform with real course materials regarding response quality and speed?

1.3 Objectives
The primary objective of this project is to design, develop, and evaluate TeachBot, an AI-powered
teaching assistant based on the RAG architecture. Specific objectives include:

1. Design a complete RAG pipeline adapted to the educational domain.

2. Implement a PDF ingestion pipeline with semantic chunking and vector indexing.

3. Develop a context-aware Q&A module with systematic source attribution.

4. Build automatic document summarization and quiz generation modules.

5. Design and implement an intuitive web interface accessible via standard browser.

6. Ensure fully local, with no external API dependencies.

7. Containerize the full stack using Docker Compose for one-command deployment.

8. Evaluate system performance using quantitative and qualitative metrics.

1.4 Contributions
The main contributions of this work are:

• A complete, end-to-end RAG pipeline specifically designed for educational document Q&A.

• A fully open-source, locally deployable, containerized teaching assistant integrating Q&A, sum-
marization, and quiz generation in a single application.

• A systematic source citation mechanism ensuring every answer references its source document
and page number.
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1.5 Document Organization
This document is structured as follows.

• Chapter 1 (State of the Art) reviews the foundational technologies.

• Chapter 2 (Analysis and Design) presents the system architectural design.

• Chapter 3 (Implementation) details the technical realization.

• Chapter 4 (Experimentation and Evaluaiton) presents the evaluation results and discussion.
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Chapter 2. State of the Art

2.1 Introduction
This chapter reviews the foundational concepts and prior work that underpin systems of this nature.
Building an AI-powered teaching assistant that is grounded in specific course documents requires
a solid understanding of several interconnected fields: natural language processing, information re-
trieval, vector databases, and the application of artificial intelligence in education. The same theo-
retical foundations that support systems such as Khanmigo [1] and the RAG-based tutor studied by
Slade et al. [2] apply directly to the design choices made in this work. This chapter surveys those
foundations and the relevant prior studies, providing the technical and academic context necessary
to situate the contributions of this thesis.

2.2 Large Language Models

2.2.1 Definition and Historical Context
A Large Language Model (LLM) is a neural network trained on vast quantities of text data with the
objective of predicting the next token in a sequence [3]. This apparently simple objective gives rise
to emergent capabilities including language understanding, reasoning, summarization, translation,
and code generation.

The field was transformed by the introduction of the Transformer architecture by Vaswani et al.
in 2017 [4]. The self-attention mechanism at the heart of the Transformer enabled models to capture
long-range dependencies in text far more effectively than previous recurrent approaches. The core
attention computation is:

Attention(Q, K, V ) = softmax
(

QK⊤
√

dk

)
V (2.1)

where Q, K, and V are the query, key, and value matrices, and dk is the key dimensionality.
The subsequent scaling of Transformer models from BERT (110M parameters) to GPT-3 (175B

parameters) and beyond revealed surprising emergent capabilities that appear qualitatively at certain
scales of training [5].

2.2.2 Open-Source LLMs
The release of LLaMA by Meta in 2023 [6] democratized access to capable language models by pro-
viding open weights that researchers can fine-tune and deploy locally. Mistral-7B [7] and TinyLlama
[8] further demonstrated that smaller, efficiently trained models can achieve competitive performance
on many tasks while being deployable on consumer hardware.

2.2.3 Hallucination Problem
A critical limitation of LLMs for factual question answering is hallucination the confident generation
of statements that are factually incorrect or unsupported. In an educational context, hallucination
is particularly damaging: a student who receives an incorrect explanation may be actively misled.
This limitation motivates the use of RAG.
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2.3 Retrieval-Augmented Generation (RAG)

2.3.1 Principle
Retrieval-Augmented Generation was formally introduced by Lewis et al. (2020) [9]. The core idea is
to augment the language model’s input with relevant passages retrieved from an external knowledge
base, grounding generation in verifiable information.

A RAG system operates in two phases:

1. Retrieval phase: Given a query q, a retriever searches a document collection and returns the
top-k most relevant passages.

2. Generation phase: The LLM generates an answer conditioned on both the query and the
retrieved context.

This approach offers several advantages: the knowledge base can be updated without retraining
the model, it enables precise source attribution, and it substantially reduces hallucination [10].

2.3.2 Dense Retrieval and Vector Databases
Modern RAG systems use dense retrieval: both queries and documents are encoded into dense vector
representations (embeddings), and retrieval finds nearest neighbors in the embedding space. Semantic
similarity between a query vector q and document vector d is measured with cosine similarity:

sim(q, d) = q · d
∥q∥∥d∥

(2.2)

Vector databases such as FAISS [11] and ChromaDB [12] are purpose-built to store and effi-
ciently query dense vector embeddings.

2.3.3 Embedding Models
Embedding models are neural networks that convert textual information into dense numerical vectors,
called embeddings. These vectors capture the semantic meaning of text, allowing documents with
similar meanings to be represented by nearby points in a high-dimensional vector space.

In Retrieval-Augmented Generation (RAG) systems, embeddings play a fundamental role in the
retrieval process. Before documents can be searched efficiently, they are transformed into vector
representations and stored in a vector database. When a user submits a query, the same embedding
model converts the query into a vector. Similarity search is then performed to identify the document
chunks whose embeddings are closest to the query embedding. This enables semantic retrieval,
allowing the system to find relevant information even when the exact keywords used in the query do
not appear in the documents.

The quality of the embedding model directly affects retrieval performance. High-quality em-
beddings improve the system’s ability to identify contextually relevant documents, which in turn
enhances the accuracy and reliability of the generated responses.
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2.4 Text Chunking
Before indexing, documents must be segmented into chunks contiguous passages serving as atomic
retrieval units. Chunking strategy significantly affects retrieval quality. Common approaches include
fixed-size chunking, sentence-based chunking, and semantic chunking.

2.5 AI in Education
The integration of artificial intelligence into education has gained significant momentum over the
past decade. Early systems focused on adaptive learning platforms that adjusted the difficulty of
exercises based on student performance. More recent work has explored the use of LLMs to power
conversational tutors, automated essay graders, and question generation tools. However, most of
these systems either rely on cloud APIs, require expensive infrastructure, or operate on general
knowledge rather than specific course content. This gap motivates the need for a lightweight, locally
deployable assistant that is grounded in the actual materials students are expected to study.

2.5.1 Intelligent Tutoring Systems
Intelligent Tutoring Systems (ITS) have been an active research area since the 1970s, rooted in
Bloom’s observation that one-on-one human tutoring produces learning gains of up to two standard
deviations above conventional classroom instruction [13]. Early systems such as GUIDON [14],
developed at Stanford for teaching medical diagnosis, and the LISP Tutor [15], built at Carnegie
Mellon to teach computer programming, relied on hand-crafted rule-based knowledge bases that
required enormous expert effort to build and maintain.

The 1990s and 2000s brought a shift toward data-driven systems. The Cognitive Tutor [16],
deployed at scale in high school algebra classrooms, used a student model derived from cognitive
science to track knowledge components in real time and skip material the student had already
mastered. Studies reported effect sizes of 0.30–0.40 in mathematics and science compared to tra-
ditional instruction. ALEKS (Assessment and Learning in Knowledge Spaces) [17], grounded in
knowledge space theory, dynamically adjusted the sequence of learning materials based on student
performance; Hagerty and Smith reported approximately 25% score improvements in college-level
mathematics courses [18]. AutoTutor [19], developed by Graesser et al., went further by engaging
students in natural-language dialogue about conceptual questions in physics and computer literacy,
achieving learning gains comparable to human tutors with effect sizes around 0.8 standard deviation
units across more than 20 controlled experiments.

The emergence of Large Language Models has opened a new chapter for ITS, enabling conversa-
tional AI capable of engaging students in Socratic dialogue and providing immediate, personalised
feedback at scale. Khanmigo, Khan Academy’s LLM-powered tutoring assistant launched in 2023,
guides students through problems using hints and questions rather than giving direct answers, pre-
serving the cognitive effort that drives learning [1]. Carnegie Learning’s LiveHint [20], trained on
data from over 5.5 million students working through 1.2 billion math problems, provides on-demand
step-by-step hints within its MATHia platform for middle and high school students. In research
settings, Slade et al. [2] demonstrated that students who used an LLM-based tutoring assistant to
complete a psychology writing assignment scored higher on post-task retention quizzes than students
who worked without any AI assistance, suggesting that conversational AI tutoring actively supports
learning rather than replacing it.
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Despite this progress, a common limitation persists across most deployed systems: they either
depend on cloud APIs and paid subscriptions, operate on general-purpose knowledge disconnected
from any specific course, or require significant infrastructure and technical expertise to deploy. These
constraints make them poorly suited for resource-limited academic environments, and represent the
gap that recent research efforts are beginning to address.

2.5.2 RAG-Based Educational Assistants
The application of Retrieval-Augmented Generation to educational settings has attracted growing
research attention since 2023, and early empirical results are consistently encouraging. Lewis et al. [9],
who introduced the RAG architecture, established its core advantage: by grounding generation in
dynamically retrieved passages from a verified document collection, the model is constrained to
produce responses that are traceable and far less prone to hallucination than a standalone LLM.

In the educational domain specifically, Slade et al. [2] conducted a controlled experiment with
109 undergraduate psychology students assigned to one of three conditions: a RAG-based AI tutor,
unmodified GPT-4 Turbo, or no AI assistance. Contrary to the expectation that AI reliance would
harm retention, students who used the RAG tutor scored higher on post-task quizzes than those who
received no AI support at all. The authors attributed this to the RAG system’s ability to produce
course-grounded, verifiable explanations rather than fluent but unanchored text.

On the instructor side, Dakshit [21] conducted the first study gathering faculty feedback on RAG
systems deployed in computer science higher education. Faculty members broadly acknowledged the
potential of RAG as both a virtual teaching assistant for students and a teaching aid for lecturers,
while also identifying the need for ethical guardrails and better transparency mechanisms before
full-scale deployment.

Levonian et al. [22] studied RAG for math question-answering and introduced an important
distinction between groundedness whether a response can be traced to the retrieved document and
faithfulness whether it correctly answers the query based on that document. Their findings showed
that prompt design plays a critical role in navigating this trade-off, and that retrieval relevance alone
is not a reliable predictor of response quality from the student’s perspective.

From the faculty perspective, a survey by Gao et al. [10] synthesized the broader RAG literature
and concluded that retrieval-grounded responses consistently outperform pure LLM responses on
factual accuracy metrics, particularly in domain-specific applications such as education, medicine,
and law. Shuster et al. [23] further showed that retrieval augmentation reduces hallucination rates in
conversational settings, which is a finding directly applicable to student-facing Q&A systems where
a wrong answer is not just unhelpful but potentially harmful.

Taken together, this body of work establishes a clear consensus: RAG is currently the most
practical and reliable architecture for building educational assistants that must stay faithful to specific
course content, cite their sources, and operate without access to large cloud-based models. These
findings directly motivate the design of TeachBot.
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3.1 Introduction
The previous chapter established that while RAG-based educational assistants have shown consistent
promise in the literature from the course-grounded tutor evaluated by Slade et al. [2] to the faculty-
facing systems surveyed by Dakshit [21] a clear gap remains. Most existing systems depend on cloud
APIs, require paid subscriptions, or demand infrastructure that is simply beyond reach of universities
with limited resources. The goal of this project is to close that gap: to build a fully local, teaching
assistant that any student can run on a standard machine, without sending a single document to an
external server also the ability to deploy it at the universities and colleges .

This chapter translates that goal into a concrete design. We begin with the general architecture of
the system, describing how inputs flow through the system and how outputs are produced. We then
detail the RAG pipeline design, covering both the indexing pipeline that transforms raw PDF docu-
ments into searchable vector embeddings,and the query pipeline that retrieves relevant content and
generates grounded,source-attributed answers in response to a student’s natural language question.

3.2 Global Architecture
The system is built around two distinct pipelines that share the same underlying infrastructure: an
indexing pipeline that processes uploaded course documents, and a query pipeline that handles
student requests at runtime. Both pipelines converge on a common vector store and a locally deployed
language model. Figure 3.1 illustrates the three-tier layered organization of the system, and the
complete data flow from input to output.

Figure 3.1: General Data Flow of the System
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3.3 RAG Pipeline Design
The RAG pipeline is the core mechanism of the system. It is divided into two sub-pipelines that
operate sequentially: the indexing pipeline, which runs once per document at upload time, and the
query pipeline, which runs on every student request.

3.3.1 Indexing Pipeline
The indexing pipeline is the offline component of the system. It is triggered once per document at
upload time and transforms a raw PDF file into a structured set of searchable vector representations
that persist in the knowledge base. The pipeline is designed so that once a document has been
indexed, it never needs to be processed again all future queries against that document are served
entirely from the vector database. It operates in four sequential stages, as illustrated in Figure 3.1.

Stage 1 Text Extraction. The first stage is responsible for converting the binary PDF format
into plain, processable text. A PDF document is not a simple text file it is a structured container
that encodes text, fonts, layout instructions, images, and vector graphics together. Extracting the
textual content requires parsing this structure and recovering the character sequences that a human
reader would see on each page.

The extraction is performed page by page rather than on the document as a whole. This granu-
larity is intentional: by processing one page at a time, the system can associate each extracted text
block with the exact page number it came from. This page number is recorded as metadata and
carried forward through every subsequent stage of the pipeline. It ultimately surfaces in the sys-
tem’s responses as a source citation, allowing the student to locate the exact passage in the original
document that was used to generate the answer.

Non-textual elements images, diagrams, mathematical figures, and embedded graphics are not
extracted at this stage. The pipeline operates exclusively on the textual layer of the document. This
is a deliberate design constraint that keeps the system lightweight and computationally inexpensive,
at the cost of not being able to answer questions that require understanding of visual content.

Stage 2 Chunking. The complete text extracted from a document may span dozens or hundreds
of pages and contain tens of thousands of words. Embedding and retrieving this entire text as a single
unit is not feasible for two reasons. First, embedding models have a maximum input length, beyond
which text is truncated and information is lost. Second, and more importantly, retrieving a large
block of text as a single retrieval unit is counterproductive: the language model would receive an
enormous context containing mostly irrelevant content, which degrades the quality of the generated
response and increases processing time.

The solution is to segment the document into smaller, self-contained passages called chunks. Each
chunk serves as an independent atomic retrieval unit when the system searches for relevant content,
it retrieves individual chunks rather than entire documents. The chunking algorithm uses a sliding
window approach: starting from the beginning of the extracted text, a window of fixed length is
extracted as a chunk, and then the window advances forward by a step that is smaller than the
window size. This produces an overlap between consecutive chunks.

The overlap is not incidental it is a deliberate mechanism to handle boundary effects. If a key
concept or a complete sentence happens to fall exactly at the boundary between two non-overlapping
chunks, it would be split across both and potentially missed by the retrieval system. By making
consecutive chunks share a portion of their content, the overlap guarantees that any passage of text
of a length smaller than the chunk size will appear in at least one chunk in its entirety. Each chunk
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also inherits the page number of the page from which its opening text originates, preserving the
source attribution chain established in Stage 1.

Stage 3 Embedding. Raw text chunks cannot be directly compared for semantic similarity
text is a symbolic, discrete structure, and there is no natural mathematical operation that tells us
how similar two sentences are in meaning. To enable semantic comparison, each chunk must be
converted into a numerical representation that captures its meaning in a continuous vector space.
This conversion is performed by a sentence embedding model.

A sentence embedding model is a neural network trained to map variable-length text inputs
to fixed-size dense vectors, such that texts with similar meanings are mapped to vectors that are
geometrically close to one another. This property semantic proximity in vector space is the foundation
of the entire retrieval mechanism. It means that when a student asks a question using different words
than those used in the course document, the system can still find the relevant passage, because both
the question and the passage will be mapped to nearby regions of the vector space.

A critical design constraint is that the same embedding model must be used for both document
chunks during indexing and student queries at retrieval time. If different models were used, the
resulting vectors would live in incompatible spaces and similarity comparisons between them would
be meaningless. The embedding model is therefore a shared component of both the indexing pipeline
and the query pipeline.

Stage 4 Indexing. In the final stage, the dense vectors produced by the embedding model are
stored persistently in the vector database together with their associated metadata: the document
identifier, document title, page number, and chunk index within the document. This metadata record
is what transforms the vector database from a simple numerical index into a knowledge base capable
of generating verifiable, source-attributed responses.

The vector database organizes the stored embeddings in a data structure optimized for approxi-
mate nearest-neighbor search a class of algorithms that can efficiently find the vectors most similar
to a given query vector among potentially millions of stored vectors, without exhaustively comparing
the query against every entry. Similarity between vectors is measured using cosine similarity, which
computes the cosine of the angle between two vectors rather than their absolute distance, making it
invariant to differences in text length between chunks of varying verbosity. A cosine similarity value
of 1 indicates maximum semantic overlap, while a value of 0 indicates no shared semantic content.

Once Stage 4 is complete, the document is fully indexed. Its content is available for retrieval across
all future student queries without any reprocessing of the original file. Adding a new document to
the system requires only running it through the four stages above the existing index is not affected
and no retraining of any model is required.

3.3.2 Query Pipeline
The query pipeline processes a student’s natural language question in five steps and returns a
grounded, source-attributed answer.

Step 1 Query Embedding. The question is encoded into a dimensional vector using the same
model used during indexing. Also for both documents and queries is essential: it guarantees that
semantically related content will have similar vector representations, regardless of whether it comes
from a question or a document chunk. Step 2 Semantic Retrieval. Our vectors compares the
query vector against all stored chunk vectors using cosine similarity, defined as:

sim(q, d) = q · d
∥q∥∥d∥

(3.1)
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where q is the query vector and d is a document chunk vector. The top-k chunks with the highest
similarity scores are returned as the retrieval result.

Step 3 Context Assembly. The retrieved chunks are assembled into a structured context
block. Each chunk is prefixed with its source metadata document title and page number so that
the language model can incorporate this information into its response and the system can present
verifiable citations to the student.

Step 4 Prompt Construction. The context block and the original question are combined
into a prompt following a strict instruction template. The template explicitly instructs the language
model to answer only based on the provided context, and to state when the context does not contain
sufficient information to answer the question. This constraint is the primary mechanism that keeps
responses grounded and prevents hallucination.

Step 5 Response Generation. The prompt is sent to the language model served locally via Ol-
lama using an HTTP request to its OpenAI-compatible API endpoint. The model generates a natural
language response conditioned on the retrieved context. The backend extracts the source references
from the retrieval metadata and appends them to the response before returning the complete answer
to the frontend.

3.4 Conclusion
This chapter has defined the system requirements and presented the architecture design of TeachBot.
The three-tier architecture provides clean separation of concerns, and the RAG pipeline design,in
the next chapter we will present the implementation of this design .

U.C. Illizi 2026 21



Chapter 4

Implementation



Chapter 4. Implementation

4.1 Introduction
This chapter presents the complete technical realization of the system. Building on the architecture
and design decisions established in the previous chapter, we describe how each component was
concretely implemented: the document processing pipeline, the RAG engine, the quiz generator, the
REST API, the React frontend, and the Docker deployment strategy. For each component we explain
the implementation choices made, the libraries and technologies selected, and how the components
interact to form a cohesive, fully local application.

4.2 Development Environment
The system was developed and tested on the workstation described in Table 4.1. The high-performance
GPU was used exclusively during benchmarking to evaluate larger models; the system is also designed
to run on CPU-only machines, as demonstrated during development.

Table 4.1: Development and Deployment Environment

Component Specification
Operating System OS Big Sur version 11.7.11
Processor 2 GHz Intel Core i7 quadro cores
RAM 8 GB DDR3
GPU Intel Iris Pro 1536 Mo
Containerization Docker Desktop (WSL2 backend)
Code Editor Visual Studio Code
Version Control Git / GitHub

4.3 Technology Stack
Table 4.2 lists the full technology stack used across all layers of the system, along with the version
and the role of each component.

Table 4.2: Full Technology Stack

Layer Technology Role
Backend Python 3.11 + FastAPI 0.104 REST API server and RAG orchestration
Vector Database ChromaDB 0.5.23 Embedding storage and semantic retrieval
PDF Processing pdfplumber 0.10.3 Primary text extraction from PDFs
PDF Fallback pypdf Fallback extractor for malformed PDFs
HTTP Client httpx 0.28.1 Asynchronous calls to Ollama API
LLM Server Ollama Local language model inference server
Embedding Model all-MiniLM-L6-v2 (ONNX) 384-dimensional sentence embeddings
Frontend React 18 + Vite 5 Single-page web application
Web Server Nginx 1.24 SPA serving and reverse proxy
Containerization Docker Compose Multi-service orchestration
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4.4 Three-Tier Architecture

The system follows a classic three-tier architecture composed of a presentation layer, a business logic
layer, and a data layer. All three tiers are containerized and orchestrated via Docker Compose,
allowing the entire stack to be launched with a single docker compose up command.

Figure 4.1: Three-Tier Architecture of the System

4.4.1 Presentation Layer React Frontend

The presentation layer is a Single-Page Application (SPA) built with React 18 and Vite 5, served
by Nginx inside a dedicated Docker container on port 80. Nginx acts as a reverse proxy: it serves
the compiled React assets to the browser and transparently forwards any HTTP request whose path
begins with /api/ to the FastAPI backend container on the internal Docker network, keeping the
backend completely hidden from the student’s browser.
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4.4.2 Business Logic Layer FastAPI Backend
The business logic layer is implemented in Python 3.11 using the FastAPI framework, running inside
its own container on port 8000. FastAPI was chosen for its native support of asynchronous request
handling, its automatic OpenAPI documentation generation, and its clean Pydantic-based request
validation. The backend exposes seven REST endpoints and coordinates all RAG operations by
orchestrating three internal modules: pdf_processor.py, rag_engine.py, and quiz_generator.py.

4.4.3 Data Layer ChromaDB and File Storage
The data layer consists of three persistent components, all mounted as Docker bind-mount volumes to
ensure data survives container restarts and system reboots. ChromaDB stores all vector embeddings
and their associated chunk metadata. A local uploads/ directory stores the original uploaded files.
A doc_metadata.json file maintains document-level records including titles, page counts, and chunk
counts.

4.5 Document Processing

The document processing module (pdf_processor.py) is responsible for converting raw uploaded
files into structured, chunked text ready for embedding. It handles both PDF and plain text (TXT)
files up to 50 MB in size.

Figure 4.2: Document Processing Pipeline

4.5.1 File Validation and Deduplication
When a file is received by the backend, its content is read into memory and a 16-character SHA-
256 hash is computed from the raw bytes. This hash serves as the document’s unique identifier
(doc_id) throughout the system. Before proceeding, the backend checks ChromaDB for any existing
entries with this doc_id; if the document has already been indexed, the upload returns immediately
without reprocessing. This deduplication mechanism prevents redundant indexing when a student
accidentally uploads the same file twice.
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4.5.2 Text Extraction

Text is extracted using pdfplumber as the primary engine, which provides reliable page-by-page
extraction while preserving the reading order of text blocks. For each page, the extracted text
undergoes light cleaning: sequences of more than two consecutive newlines are collapsed into a single
blank line, and sequences of more than two consecutive spaces are normalized to a single space.
Pages that yield no extractable text (such as pages containing only images or scanned content) are
silently skipped.

If pdfplumber fails for example on malformed or encrypted PDFs the system automatically falls
back to pypdf, a pure-Python PDF reader with broader compatibility. Each successfully extracted
page is stored as a dictionary containing its text content and page number, which is carried as
metadata through all subsequent stages.

For plain text files (.txt), the content is read directly and treated as a single-page document
with page number set to 1.

4.5.3 Chunking Algorithm

The extracted text is segmented into overlapping fixed-size chunks using a custom sliding window
algorithm, illustrated in Figure 4.3.

Figure 4.3: Sliding Window Chunking with Overlap

The algorithm uses a window of 800 characters and an overlap of 150 characters, giving an effective
step size of 650 characters. At each step, before fixing the chunk boundary, the algorithm attempts
to break at a natural sentence boundary by searching backward from the hard cutoff for a paragraph
break, a line break, a period-space sequence, or a word space. This sentence-aware breaking prevents
the system from cutting words in half and improves the coherence of individual chunks. Chunks
shorter than 50 characters typically artifacts from page headers or footers are discarded. Each chunk
is stored with its full metadata: doc_id, doc_title, page_num, and chunk_index.
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4.6 RAG Engine

The RAG engine (rag_engine.py) is the central processing module of the system. It manages all
interactions with ChromaDB and the language model, and implements the full retrieval-augmented
generation pipeline for question-answering and summarization.

Figure 4.4: RAG Engine Query Processing Flow

4.6.1 Vector Indexing

After chunking, the document’s chunks are inserted into ChromaDB. ChromaDB automatically com-
putes the embedding for each chunk using the all-MiniLM-L6-v2 model via the ONNX runtime,
eliminating the need for a separate embedding step in the application code. To prevent memory
overflow when indexing large documents, chunks are inserted in batches of 50. The collection is
configured to use cosine similarity as the distance metric, which is specified at collection creation
time via the hnsw:space=cosine metadata parameter.

4.6.2 Semantic Retrieval

When a student submits a question, ChromaDB embeds the query using the same model and performs
an approximate nearest-neighbor search across all stored chunk vectors, returning the top-k most
similar chunks along with their cosine similarity scores and metadata. The similarity score returned
by ChromaDB is a distance (lower is better), which the engine converts to a similarity score between
0 and 1 by computing 1 − distance.

The retrieval supports optional document filtering: if the student selects specific documents in
the interface, the query is restricted to chunks belonging to those documents using ChromaDB’s
where filter. This allows students to direct their questions at specific course materials rather than
the entire knowledge base.
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4.6.3 Prompt Design and LLM Integration

The retrieved chunks are assembled into a structured prompt that is sent to the language model. The
prompt follows a strict template that instructs the model to answer based exclusively on the provided
context and to limit its response to three sentences. This constraint is the primary mechanism that
grounds the model’s output in the course material and prevents hallucination. Each chunk in the
context is prefixed with the document title and page number, which the model incorporates into its
response, enabling automatic source attribution without any post-processing.

The language model is accessed via an HTTP POST request to Ollama’s OpenAI-compatible API
endpoint at /v1/chat/completions. The request uses a temperature of 0.2 low enough to produce
consistent, factual responses while avoiding the determinism of temperature 0. A timeout of 300
seconds is set to accommodate inference on CPU-only hardware. The model to use is configurable
via the LLM_MODEL environment variable, making it straightforward to switch between models without
modifying application code.

4.6.4 Summarization

Document summarization follows a simplified version of the same pipeline. Rather than embedding
a query and retrieving chunks, the system reads the first 2000 characters of the document as a
representative preview and passes this directly to the language model with a prompt requesting a
three-point bullet summary. This approach is fast and effective for introductory summaries, though
it is limited to content appearing near the beginning of the document.

4.7 Quiz Generator

The quiz generation module (quiz_generator.py) produces assessment questions grounded in the
indexed course materials. It supports two question types: multiple-choice questions (MCQ) and
short-answer questions. Figure 4.5 illustrates the generation flow.

Figure 4.5: Quiz Generation Flow
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4.7.1 Multiple-Choice Questions
For MCQ generation, the system first retrieves the top-3 most relevant chunks for the requested
topic. To keep the prompt compact enough for smaller language models to handle reliably, only the
first 400 characters of the top chunk are used as context. The model is prompted to return a single
question with four labeled options (A through D), a correct answer key, and a brief explanation in
strict JSON format. This generation loop runs up to three times to produce the requested number of
questions. A JSON extraction utility strips markdown fences and locates the outermost {} pair in the
raw model output, handling the imperfect JSON formatting that smaller models often produce. If
the model fails to generate any valid questions after all attempts, the system returns a deterministic
fallback question constructed directly from the retrieved chunk text.

4.7.2 Short-Answer Questions
Short-answer generation follows the same pattern, with a simpler JSON schema requiring only a
question string and a model answer string. The same JSON extraction and fallback mechanisms
apply.

4.8 REST API
The FastAPI backend exposes seven REST endpoints organized across four functional groups: doc-
ument management, question answering, summarization, and quiz generation. Figure 4.6 illustrates
all endpoints.

Figure 4.6: REST API Endpoints

All request and response bodies are validated using Pydantic models. The /documents/upload
endpoint enforces a 50 MB file size limit and accepts both PDF and TXT files. The /ask endpoint
accepts an optional doc_ids list to restrict retrieval to specific documents. The /quiz/generate
endpoint accepts a quiz_type parameter ("mcq" or "short_answer") and a num_questions pa-
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rameter capped at 20. The /health endpoint returns the current number of indexed chunks and
documents, providing a lightweight way for the frontend to verify backend connectivity on startup.

4.9 Frontend

The frontend is a React 18 Single-Page Application built and bundled with Vite 5. Figure 4.7 shows
the component architecture.

Figure 4.7: Frontend Component Architecture

4.9.1 Tab State Management

The application is organized into four panels: Upload, Documents, Chat, and Quiz. A key implemen-
tation decision was to use CSS display switching (flex / none) rather than conditional rendering
to manage panel visibility. This means that all four panel components are always mounted in the
DOM; only their visibility is toggled. The practical benefit is that the chat history in the Chat panel
and the generated quiz in the Quiz panel are preserved when the student navigates to another tab
and returns a behavior that conditional rendering would break by unmounting and remounting the
components.

4.9.2 Centralized API Communication

All HTTP calls to the backend are centralized in a single api.js module that exports named
functions for each operation: uploadDocument, getDocuments, deleteDocument, askQuestion,
summarizeDocument, and generateQuiz. Every function issues a fetch() call to the corresponding
/api/* route, which Nginx transparently proxies to the FastAPI backend. Centralizing API calls in
a single module keeps the panel components clean and makes it trivial to update endpoint paths or
add request headers in one place.
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4.10 Docker Deployment
The full system is containerized using Docker Compose, enabling one-command deployment on any
machine with Docker installed. Figure 4.8 shows the container architecture and startup dependency
chain.

Figure 4.8: Docker Compose Container Architecture and Startup Order

4.10.1 Container Services
Four services are defined in docker-compose.yml:

• ollama: The Ollama LLM inference server, exposed on port 11434. It is configured with a
context window of 1024 tokens (OLLAMA_NUM_CTX=1024) and equipped with a health check that
polls ollama list every 10 seconds until the service is confirmed healthy.

• ollama-pull: A one-shot service that runs after Ollama becomes healthy and pulls the config-
ured language model into the Ollama container. It exits with code 0 after the pull completes
and does not restart.

• backend: The FastAPI application, built from the ./backend Dockerfile and exposed on port
8000. It starts only after Ollama is healthy and receives the Ollama API URL and model
name as environment variables, making the model selection configurable without rebuilding
the image.

• frontend: The React application served by Nginx, mapped from container port 80 to host
port 5173. It starts after the backend service is available.

4.10.2 Data Persistence
Three bind-mount volumes ensure that all indexed data persists across container restarts. The
uploads/ directory retains the original uploaded files. The chroma_db/ directory retains the Chro-
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maDB vector index. The doc_metadata.json file retains document-level metadata. With these
mounts in place, students can stop and restart the entire Docker Compose stack without losing any
previously indexed documents.

4.11 Conclusion
This chapter has detailed the complete technical implementation of the system. The modular archi-
tecture cleanly separates document processing, RAG logic, quiz generation, API routing, and fron-
tend rendering into independent, maintainable components. The containerized deployment strategy
via Docker Compose ensures full reproducibility across different host machines. The configuration-
driven model selection allows switching between language models without modifying application code
a property that proved essential during the benchmarking phase presented in the following chapter.
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5.1 Introduction
This chapter presents the experimental evaluation of the system across two distinct hardware envi-
ronments: a MacBook Pro running on a CPU-only configuration, and a high-performance desktop
workstation equipped with a dedicated GPU. The two-phase evaluation strategy was deliberate. The
first phase, conducted on the MacBook Pro, tested the system under realistic resource-constrained
conditions representative of many Algerian university settings. The second phase, conducted on
the GPU workstation, evaluated the system at full capacity by benchmarking four language models
across 100 questions each on a diverse multi-domain corpus, producing statistically robust results.

The chapter is organized as follows. Section 5.2 describes both hardware configurations. Sec-
tion 5.3 presents the test corpus. Section 5.4 defines the evaluation metrics. Section 5.5 presents
the Phase 1 (Mac) results. Section 5.6 presents the Phase 2 (GPU) full four-model benchmark.
Section 5.7 justifies the final model selection. Section 5.8 compares both hardware environments.
Section 5.9 discusses strengths, limitations.

5.2 Experimental Setup

5.2.1 Phase 1 MacBook Pro (CPU-Only)
The first evaluation phase was conducted on a MacBook Pro running macOS Big Sur 11.7.10 with
a 2 GHz Intel Core i7 quad-core processor and 8 GB of DDR3 RAM. No GPU acceleration was
available; all LLM inference ran on CPU only. The model evaluated in this phase was Phi-3-
Mini (3.8B parameters, 2.0 GB), served via Ollama. This configuration represents the hardware
available to most students and instructors at regional universities in southern Algeria and serves as
the accessibility baseline.

Table 5.1: Experimental Configuration Phase 1 (MacBook Pro, CPU-Only)

Parameter Value
Machine MacBook Pro (macOS Big Sur 11.7.10)
Processor 2 GHz Intel Core i7 (4 cores, x86-64)
RAM 8 GB DDR3
GPU None (CPU-only inference)
LLM Model Phi-3-Mini (3.8B parameters, 2.0 GB)
Embedding Model all-MiniLM-L6-v2 (384 dimensions, ONNX)
Vector Database ChromaDB 0.5.23, cosine similarity
Chunk size / Overlap 800 chars / 150 chars
Top-k retrieval 2 chunks
Temperature 0.2
Questions evaluated 30 (3 runs × 10 questions)

5.2.2 Phase 2 GPU Workstation (Four-Model Benchmark)
The second evaluation phase was conducted on a high-performance desktop workstation running
Windows 11 Pro with an Intel Core i9-14900K processor, 64 GB of DDR5 RAM, and an NVIDIA
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RTX 5070 Ti GPU with 16 GB of VRAM under CUDA 13.1. Four language models were bench-
marked: TinyLlama (1.1B), Phi-3-Mini (3.8B), Mistral-Nemo (12B), and Llama3.1 (8B). Each
model was evaluated on the same 100 questions across the same document corpus, enabling a fair
direct comparison.

Table 5.2: Experimental Configuration Phase 2 (GPU Workstation)

Parameter Value
Machine Desktop Workstation (Windows 11 Pro, WSL2)
Processor Intel Core i9-14900K (24 cores)
RAM 64 GB DDR5
GPU NVIDIA RTX 5070 Ti (16 GB VRAM, CUDA 13.1)
Models benchmarked TinyLlama 1.1B, Phi-3-Mini 3.8B, Mistral-Nemo 12B, Llama3.1 8B
Embedding Model all-MiniLM-L6-v2 (384 dimensions, ONNX)
Vector Database ChromaDB 0.5.23, cosine similarity
Chunk size / Overlap 800 chars / 150 chars
Top-k retrieval 2 chunks
Temperature 0.2
Questions per model 100 (automated benchmark)

5.3 Test Corpus

Phase 1 used three computer science course PDFs totalling 103 pages and 103 indexed chunks.
Phase 2 expanded the corpus to 13 academic domains to test the system’s generalization across
diverse subject areas. All documents were real university course materials.

Table 5.3: Test Document Collection

Document / Domain Pages Phase Subject Area
DSS Chapitre 3.2 DTD 29 1 & 2 XML / DTD
Java Encapsulation 34 1 & 2 Object-Oriented Programming
Introduction to Image Processing 40 1 & 2 Computer Vision
Aviation Phraseology 102 2 Aviation Communication
Flight Planning Procedures 164 2 Aviation Navigation
Operational Procedures 162 2 Aviation Operations
Aeronautical Medicine 7 2 Aviation Medicine
Electronics (Synchronous Counters) 42 2 Digital Electronics
Fluid Dynamics 8 2 Engineering Physics
Phase 1 total 103 3 domains, 30 questions
Phase 2 total 691 13 domains, 100 questions
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5.4 Evaluation Metrics
Each generated answer was assessed on the following metrics:

• Faithfulness: Binary whether the answer is grounded in the retrieved context and introduces
no unsupported claims.

• Relevance: Binary whether the answer actually addresses the question, as opposed to being
faithful but off-topic.

• Citation rate: Binary whether the response includes a valid source attribution (document
title and page number).

• Keyword score: Continuous [0, 1] the proportion of domain-specific keywords expected in a
correct answer that appear in the generated response.

• Response latency: Wall-clock time in seconds from request to complete response.

• Throughput: Tokens generated per second.

• Quiz valid JSON rate: Proportion of quiz requests returning a correctly structured, parseable
JSON response.

5.5 Phase 1 Results MacBook Pro (Phi-3-Mini)
Phase 1 consisted of three benchmark runs of 10 questions each (N=30 total), using the three
computer science documents. The same 10 questions were used across all runs to assess consistency.

Table 5.4: Phase 1 Phi-3-Mini on MacBook Pro (N=30, 3 runs)

Metric Value
Faithfulness rate 100%
Relevance rate 100%
Citation rate 100%
Keyword score (avg) 0.733
Avg response latency 47.85 s
Min / Max latency 17.50 s / 222.97 s
Std deviation (latency) 51.67 s
Avg throughput 1.67 tokens/s
Quiz valid JSON rate 100% (all 3 quiz runs)

Phi-3-Mini achieved perfect scores on all three quality metrics: every answer was faithful to the
retrieved content, addressed the question, and included a valid source citation. The keyword score
of 0.733 indicates reliable incorporation of domain-specific terminology. These results confirm that
the RAG grounding mechanism functions correctly even on CPU hardware with a mid-size model.

However, the latency tells a different story. An average of 47.85 seconds per response is at
the boundary of acceptable interactivity, and the standard deviation of 51.67 seconds larger than
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the mean itself reveals severe unpredictability: some responses arrived in 17 seconds while others
required nearly 4 minutes. This variance is a fundamental consequence of CPU-only inference.
The throughput of just 1.67 tokens per second confirms the bottleneck. The quiz results (100% valid
JSON) demonstrate that Phi-3-Mini produces reliable structured output even under these constraints.

5.6 Phase 2 Results GPU Workstation (Four-Model Bench-
mark)

Phase 2 benchmarked all four models on the same 100 questions across 13 domains. Table 5.5 presents
the complete results, and Figures 5.1 and 5.2 visualize the key metrics.

Table 5.5: Four-Model Benchmark GPU Workstation (N=100 questions per model)

Model Params MB Avg Lat. Std Tok/s Faith. Relev. KW Quiz JSON
TinyLlama 1.1B 637 0.34 s ±0.67 438.75 99% 54% 0.49 0%
Phi3-Mini 3.8B 2200 0.48 s ±1.47 176.85 97% 75% 0.60 86%
Mistral-Nemo 12B 7100 0.58 s ±0.18 66.48 100% 73% 0.61 100%
Llama3.1 8B 4900 0.68 s ±1.27 100.26 99% 77% 0.64 100%

Figure 5.1: Four-Model Benchmark Throughput, Relevance, Keyword Score, and Quiz JSON Rate

U.C. Illizi 2026 37



TeachBot RAG Teaching Assistant

Figure 5.2: Average Response Latency per Model (GPU Workstation)

A striking observation from the GPU benchmark is that all four models respond in under one
second on average a dramatic contrast with the CPU phase. GPU acceleration collapses what was
a 47-second bottleneck into a sub-second interaction for every model tested. The differentiating
factors on GPU hardware therefore shift entirely to output quality: faithfulness, relevance, keyword
precision, and structured output reliability.

TinyLlama is the fastest by a wide margin at 438.75 tokens/s and 0.34 s average latency, but its
relevance rate of only 54% means barely half its answers are on-topic. More critically, its quiz valid
JSON rate is 0%: not a single one of its seven quiz generation attempts produced a parseable JSON
response. TinyLlama is eliminated from production consideration on the basis of this hard failure.

Phi-3-Mini on GPU achieves 75% relevance and 86% quiz JSON better than TinyLlama, but
the latency standard deviation of ±1.47 s reveals high unpredictability even on GPU hardware. Its
97% faithfulness is slightly below the other models and it did not reach 100% quiz JSON reliability.

Llama3.1 achieves the highest relevance (77%) and highest keyword score (0.64) among all
models, 99% faithfulness, and perfect quiz JSON. Its average latency of 0.68 s is the slowest on the
GPU, and its standard deviation of ±1.27 s is the second-highest, reflecting occasional slow outliers
(max: 13.16 s).

Mistral-Nemo achieves 100% faithfulness (the only model to do so), 100% citation rate, 100%
quiz JSON, and the tightest latency distribution of all models: ±0.18 s standard deviation with a
maximum of just 1.36 s. This means it is not only fast but also highly predictable, which is critical
for interactive use. Its relevance (73%) and keyword score (0.61) are slightly below Llama3.1 but
within a few percentage points.

Figure 5.3 shows the relevance breakdown by domain for Mistral-Nemo, the selected production
model. Structured technical domains achieve perfect or near-perfect scores. The 0% on System
Design and General questions reflects a retrieval limitation: these questions require synthesizing
information from multiple distant document sections, which the top-k = 2 retrieval does not capture.
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Figure 5.3: Mistral-Nemo Relevance Rate by Domain (N=100)

5.7 Model Selection Why Mistral-Nemo
Figure 5.4 presents the decision matrix used to select the production model.

Figure 5.4: Model Selection Decision Matrix

Mistral-Nemo was selected as the production model for three specific reasons.
First, it is the only model among the four that achieves 100% on all three reliability metrics

simultaneously: faithfulness, citation rate, and quiz valid JSON rate. Reliability is the non-
negotiable property for an educational assistant a student who receives a hallucinated answer or an
uncited claim cannot verify it and may be actively misled. No amount of speed advantage justifies
compromising on this.
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Second, despite being the largest model tested, Mistral-Nemo has the most stable latency
distribution of all four models: a standard deviation of just ±0.18 s and a maximum observed
latency of 1.36 s across 100 questions. This consistency is what makes interactive use actually feel
interactive. TinyLlama is faster on average but its occasional 5-second spikes are disruptive; Phi-3-
Mini and Llama3.1 show even larger variance.

Third, Mistral-Nemo’s average latency of 0.58 s is comfortably within the real-time interac-
tion range. The 0.10 s difference between it and the fastest reliable model (Phi-3-Mini at 0.48 s) is
imperceptible to a human user.

Llama3.1 is retained as a secondary alternative for deployments where GPU memory is limited:
at 4.9 GB it requires significantly less VRAM than Mistral-Nemo’s 7.1 GB, while achieving compa-
rable reliability and slightly higher keyword precision. It is the recommended fallback for machines
with 6 GB of VRAM.

TinyLlama is excluded entirely from production use due to the quiz JSON failure.

Phi-3-Mini on GPU is a viable option for VRAM-limited environments where Llama3.1 cannot
fit, but its lower faithfulness and imperfect JSON rate make it a third choice.

5.8 Comparative Analysis Mac vs GPU Workstation

Table 5.6: System Performance MacBook Pro vs GPU Workstation

Metric MacBook Pro (Phi-3-Mini,
N=30)

GPU Workstation (Mistral-
Nemo, N=100)

Model size 3.8B / 2.0 GB 12B / 7.1 GB
Avg latency 47.85 s 0.58 s
Latency std ±51.67 s ±0.18 s
Throughput 1.67 tok/s 66.48 tok/s
Faithfulness 100% 100%
Relevance 100% (N=30) 73% (N=100)
Citation rate 100% 100%
Keyword score 0.733 0.610
Quiz valid JSON 100% 100%
Domains covered 3 13

Figures 5.5 and 5.6 visualize the two most dramatic hardware-driven differences.
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Figure 5.5: Response Latency MacBook Pro vs GPU Workstation

Figure 5.6: Throughput MacBook Pro vs GPU Workstation

The GPU workstation is 96 times faster in average latency (0.58 s vs 47.85 s) and generates 43
times more tokens per second (66.48 vs 1.67). This difference is almost entirely attributable to
GPU acceleration: CUDA-enabled inference offloads the matrix multiplications that dominate LLM
computation to thousands of parallel GPU cores.

Figure 5.7 compares quality metrics between the two environments.
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Figure 5.7: Quality Metrics Phi-3-Mini (Mac) vs Mistral-Nemo (GPU)

Both configurations achieve perfect faithfulness and citation rates, which confirms that the RAG
grounding mechanism is robust across hardware environments. The relevance difference (100% Mac
vs 73% GPU) is largely explained by evaluation difficulty: the Mac benchmark used 30 questions
on 3 simple, well-scoped documents, while the GPU benchmark used 100 questions across 13 diverse
domains including aviation and aeronautical medicine. The Phi-mini 3 model has a higher keyword
score 0.733 better for hardware with only CPU otherwise his keyword score hardware with GPU is
0.60 which is good for a small model, the mistral-nemo keyward score is 0.61 on a hardware with
GPU(required) reflects the same effect. In other words, the PHI-3 mini can be the model of choice
for slower hardware.

5.9 Discussion

5.9.1 Strengths
Universal grounding reliability. Both hardware configurations achieve 100% faithfulness and
100% citation rates across all tested conditions. Every answer is traceable to a specific page in
a specific document. This is the most critical property for an educational assistant and it holds
regardless of model size or hardware.

Hardware flexibility. The system runs on both a CPU-only laptop and a GPU workstation.
The fundamental correctness of the RAG pipeline does not depend on hardware quality, which makes
the system accessible to institutions with limited infrastructure even at higher latency.

Consistent structured output. Mistral-Nemo and Llama3.1 achieve 100% quiz valid JSON
rates across all seven quiz domains. The constrained JSON prompt template is robust enough to
elicit correctly structured output from large models reliably.

Predictable GPU performance. Mistral-Nemo on the GPU workstation shows a latency
standard deviation of only ±0.18 s across 100 questions. Students experience a consistent sub-second
response time, which is essential for adoption in interactive learning contexts.

Multi-domain generalization. Despite using a fixed retrieval configuration (top-k = 2, 800-
char chunks), the system achieves 80%+ relevance across the majority of tested domains, including
specialized aviation and electronics content not anticipated during development.
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5.9.2 Limitations
CPU latency. On CPU-only hardware, average latency of 47.85 seconds with peaks exceeding
3 minutes is too slow for comfortable interactive use. This is an inherent limitation of running
large language models on general-purpose processors. Smaller models like TinyLlama are faster on
CPU but fail on structured output tasks; there is no currently available open-source model that
simultaneously satisfies quality and CPU-speed requirements.

Top-k retrieval gaps. The 0% relevance on System Design and General domain questions
directly reveals the retrieval ceiling at k = 2. Questions that require synthesizing information from
multiple non-adjacent document sections such as “what are the REST API endpoints?” or“what are
the main topics of chapter 1?” can not be answered correctly if the relevant content is spread across
more than two chunks. Increasing k or adding a re-ranking stage would address this.

Text-only processing. The system does not process images, diagrams, mathematical deriva-
tions, or scanned pages. Course documents with key content in non-textual form yield no indexed
content for those sections, limiting the system’s coverage of courses where visual content is central.

Single-language operation. currently the system operates in English only. Algerian university
courses are taught in Arabic, French and English, and the system cannot correctly process or respond
to questions in Arabic or French at this stage.

5.10 Conclusion
This chapter presented a two-phase experimental evaluation across two hardware environments and
four language models, grounded entirely in real benchmark data. Phase 1 on a CPU-only MacBook
Pro with Phi-3-Mini demonstrated perfect quality scores (100% faithfulness, relevance, citation) at
the cost of 47.85-second average latency. Phase 2 on a GPU workstation benchmarked all four models
at 100 questions each, confirming that GPU acceleration reduces latency by 96× while maintaining
reliability. Mistral-Nemo was selected as the production model based on three criteria: it is the only
model achieving 100% on faithfulness, citation, and quiz JSON simultaneously; it has the tightest
latency distribution (±0.18 s) of all tested models; and its 0.58 s average response time is firmly in
the real-time interaction range. The primary remaining limitations CPU-only latency, top-k retrieval
depth, text-only processing, and single-language support each have clear and implementable solutions
for future iterations.
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This thesis has presented the design, implementation, and evaluation of TeachBot, an AI-
powered teaching assistant based on the Retrieval-Augmented Generation architecture. The system
was conceived to address a concrete and pressing need: providing university students with an intelli-
gent, privacy-preserving tool that answers questions, generates summaries, and creates quizzes from
their actual course materials without cloud services, subscription fees, or high-end hardware.

6.1 Summary of Contributions

The work in this thesis makes four clear contributions:
Architectural contribution: Architecturally, we designed a complete end-to-end RAG pipeline

tailored to the educational domain, covering every stage from reading a PDF page by page while
preserving page number metadata, segmenting the text into overlapping chunks that respect sen-
tence boundaries, encoding each chunk into a dense vector representation, to storing everything in
a persistent vector index that survives container restarts. At query time, the pipeline encodes the
student’s question in the same semantic space, retrieves the most relevant passages, assembles them
into a grounded prompt, and produces an answer, citing the exact document and page number it
used. The whole pipeline is designed in such a way that adding a new document does not require
retraining, reconfiguration, or downtime, just simple upload.

Technical contribution:
On the technical side, we built a fully modular, containerized application combining FastAPI,

ChromaDB, React, Nginx, and Ollama, all open-source and orchestrated by Docker Compose. The
architecture is deliberately layered: the frontend knows nothing about the backend’s internals, the
backend knows nothing about which specific language model is running, and the model itself can be
swapped by changing a single environment variable. This separation of concerns is what allowed us
to benchmark four different models without touching the application code.

Practical contribution:
On the practical side, we demonstrated that the system runs correctly on commodity CPU-only

hardware a standard MacBook Pro with 8 GB of RAM achieving 100% faithfulness and 100% citation
rates, even if at the cost of higher response latency. This matters in that the system is not tied down
by the GPU infrastructure. A student or an instructor at a university without dedicated compute
cluster can still run it.

Experimental contribution:
We conducted a two-phase evaluation across two hardware environments and four language mod-

els, producing 400 evaluated question-answer pairs and 28 quiz generation requests on real university
course documents spanning 13 academic domains from XML and Java to aviation phraseology, flight
planning, and digital electronics. The benchmarking revealed a clear hierarchy among the models:
TinyLlama fails completely on structured output despite its speed, Phi-3-Mini and Llama3.1 are
strong alternatives depending on available VRAM, and Mistral-Nemo is the only model that simul-
taneously achieves 100% faithfulness, 100% citation rate, and 100% quiz JSON reliability, with the
tightest latency distribution of the four. On GPU hardware, all four models respond in under one
second on average a 96-fold improvement over CPU-only inference.
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6.2 Perspectives
No system is finished at submission. Several clear directions for improvement emerged directly from
the evaluation results.

The most immediate fix is raising the retrieval depth from k = 2 to k = 5. The domain breakdown
showed 0% relevance on System Design and General questions, and in both cases the problem was
not model quality but retrieval coverage: the answer existed in the index but was spread across
more chunks than the pipeline retrieved. This is a one-line configuration change with no impact on
indexing time and minimal impact on generation latency.

The next priority is multilingual support. Algerian university courses are taught in Arabic,
French, and English, and the current system handles only English. Adding multilingual sentence
embedding models and testing with Arabic and French course documents would immediately expand
the system’s usefulness to the majority of the student population it was designed to serve.

A cross-encoder re-ranking stage would improve retrieval precision on ambiguous or multi-concept
questions by scoring each retrieved chunk against the query after the initial vector search, before
passing context to the language model. This would address the remaining relevance gaps without
requiring changes to the indexing pipeline.

Multi-modal support OCR for scanned pages, and visual question answering for diagrams, circuit
schematics, and mathematical figures would significantly extend the system’s coverage of real course
materials, many of which contain key content in non-textual form.

Finally, packaging the system as a Moodle LTI plugin would allow instructors to deploy it directly
within the learning management platform already in use at most Algerian universities, removing the
need for students to navigate a separate interface.

This work demonstrates that modern generative AI when grounded in retrieval, kept honest by
source attribution, and deployed responsibly without cloud infrastructure can provide meaningful
educational support even in the most resource-constrained settings. The gap between what is avail-
able to students in well-funded institutions and what is available to students in remote universities
is real, but it is not technical. The tools exist. They are open-source, they run locally, and as this
thesis shows, they work.
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